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Realtime Brain-Inspired Adaptive Learning
Control for Nonlinear Systems With

Configuration Uncertainties
Yanhui Zhang , Member, IEEE, Yuxin Yang, Weifang Chen, Member, IEEE, and Hua Yang

Abstract— This paper investigates the problem of adaptive
tracking control for quadcopter in the presence of nonlinear
configuration uncertainties. It utilizes a real-time brain-inspired
learning control (RBiLC) method to address the challenges posed
by nonlinear time-varying uncertain instructions. To address the
issue of flight control law reconfiguration caused by unknown
changes in the fuselage configuration (e.g., propellers or motors),
this paper introduces an online learning-evaluation-optimization
reconstruction mechanism based on RBiLC. The proposed adap-
tive learning controller mitigates the need for extensive human
resources and reduces the time required for flight controller
design. The Lyapunov-Krasovskii function is introduced as a
compensatory measure to address the impact of parameter
uncertainty on system stability. Furthermore, this paper proposes
a signed sinusoidal function perturbation estimate to guide the
direction and magnitude throughout the online learning process.
The approach conducts a theoretical stability analysis on a
quadcopter vehicle considering uncertainties in UAV dynamics
modeling. The results demonstrate that the proposed scheme
achieves superior control and faster adaptation, enabling the
system to ultimately converge to a compact set within a limited
time domain. Finally, software-in-the-loop (SITL) simulations
and flight verification results are presented to validate the
proposed control strategy.

Note to Practitioners—In various UAV application scenarios,
UAVs often necessitate multiple motor and size configurations
to accommodate diverse mission load requirements. This paper
examines the self-learning reconfiguration control of a nonlinear
UAV controller, focusing on achieving stable control despite
uncertain propeller configurations. The proposed self-learning
control method is inspired by the self-learning mechanism
observed in the human brain. Without any manual inter-
vention, the traditional proportional-integral-derivative (PID)
control serves as the benchmark and is intricately combined
with an evolutionary strategy for iterative learning. The learning
process is realized during flight without relying on a precise
model through real-time evaluation, nonlinear command track-

Manuscript received 7 April 2023; revised 6 June 2023; accepted 27 June
2023. Date of publication 7 August 2023; date of current version 8 August
2024. This article was recommended for publication by Associate Editor
L. Zeng and Editor M. Dotoli upon evaluation of the reviewers’ comments.
This work was supported in part by the National Natural Science Foundation
of China for the Near Space Research Program under Grant U20B2007 and
Grant 12002306. (Corresponding author: Hua Yang.)

Yanhui Zhang is with the School of Aeronautics and Astronautics, Zhejiang
University, Hangzhou 310027, China, and also with the Huanjiang Laboratory
Advanced Aircraft Research Center, Zhuji, Zhejiang 311800, China (e-mail:
anhuizhang91@gmail.com).

Yuxin Yang, Weifang Chen, and Hua Yang are with the School of Aeronau-
tics and Astronautics, Zhejiang University, Hangzhou 310027, China (e-mail:
yhsaa@zju.edu.cn).

Color versions of one or more figures in this article are available at
https://doi.org/10.1109/TASE.2023.3292170.

Digital Object Identifier 10.1109/TASE.2023.3292170

ing response, and iterative reconstruction using a design-based
symbolic sine function optimal controller. The practice has proved
that when the UAV model cannot be identified in real-time,
the UAV controller can be reconfigured in real-time through
the model-free control method based on brain-inspired learning
iterations to achieve stable control of the UAV. The notable feature
of this paper is the establishment of the RBiLC framework, the
completion of the theoretical proof of stability, and the real-world
flight experiment on the quadcopter

Index Terms— Real-time adaptive learning control, nonlinear
quadcopter control, configuration uncertainties.

I. INTRODUCTION

ADAPTIVE control has been extensively researched for
linear system control tasks, utilizing historical response

information to improve the control performance of the current
controller [1]. However, nonlinear uncertain strict feedback
systems are prevalent in practical engineering, as seen in
cross-domain flight rocket control systems [2] and unmanned
aerial vehicle (UAV) control systems [3], [4]. In such control
systems, the real-time uncertain configuration of the plant
models can increase control difficulty, leading to system
oscillation or divergence. Therefore, this paper aims to study
the real-time adaptive learning control problem of nonlinear
strict-feedback systems with uncertain configurations to realize
a point-by-point response to the desired command.

Achieving stable control of multirotor UAVs under different
working conditions typically requires redesigning the UAV
controllers with different loads and propeller sizes, which is
a time-consuming and laborious task. For instance, in [5],
a small aerial photography drone with a load of 200g is
equipped with 3-inch propellers. While in [6], a swarm drone
with a load of 400g is equipped with 6-inch propellers. The
pesticide spraying drone has a load of 8kg and matches
20-inch propellers [7], and the unmanned aerial vehicle in [8]
has a load of 220kg with a blade size of approximately
48 inches. Traditional methods for adapting flight controllers
to such different aircraft require searching for the optimal
controller based on years of controller design experience and
long-term actual flight tests.

Most recent studies can be mainly categorized into two
trends for the control system reconstruction problem. One of
them combines model-base method and artificial experience
to reconstruct the controller parameters offline, such as model
reference adaptive control (MRAC) [9], fault-tolerant con-
trol systems (FTCS) [10], retrospective cost adaptive control
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(RCAC) [11], model predictive control (MPC) [12] and H∞
control [13].

The other trend in control is to employ a model-free
approach to address these problems. Model-free control meth-
ods are designed to achieve control of a system without
requiring the mathematical model or structural parameters
of the plant. Instead, they rely on limited input and output
response data to design closed-loop controllers. The earliest
model-free control methods can be traced back to proportional-
integral-derivative (PID) control [14], [15]. Since then, sev-
eral model-free control approaches have been developed,
including extremum seeking (ES) [16], Ziegler-Nichols-PID
(ZN-PID) [17], PID-ES [18], model-free adaptation control
(MFAC) [19], event-triggered adaptive control [20], [21],
T-S Fuzzy [22] and iterative learning control (ILC) [23]. Our
previous work has also explored the nonlinear parameter strict
feedback system control method of ILC for a class of unknown
state delays in [24]. In addition, ILC was utilized to learn the
controller of a closed-loop UAV system in [25].

On this basis, some model-free intelligent learning control
methods have been proposed to be applied to UAVs. To name
just a few, in [26] and [27], robust transform-based real-time
adaptive intelligent control is used to offset the parametric
uncertainty of the quadcopter and improve the stability under
external disturbances. Reinforcement learning (RL) is imple-
mented in [28], enabling the controller to learn when multiple
actuators fail.

Later, a domain adversarially invariant meta-learning
(DAIML) method is proposed to solve this problem in [29].
Their approach combines adaptive flight and reinforcement
learning-based robot control. As mentioned in [30] and [31],
future spacecraft also need to quickly and accurately deal
with the control problems caused by spacecraft configuration
changes, such as aerodynamics and loads changes. Typically,
experts learn to migrate controller parameters based on expe-
rience in threefold, instruction tracking response, performance
evaluation, and controller iterative refactoring.

In this paper, a real-time brain-inspired learning control
(RBiLC) scheme is proposed, which consists of three steps:
iterative instruction response, performance evaluation, and
control parameter reconstruction. Moreover, we establish an
appropriate Lyapunov-Krasovskii function to ensure that the
controller structure converges to a compact set through iter-
ative evolution during learning. Compared to existing work,
our work’s main contributions are:

1) A weak model-dependent brain-inspired adaptive learn-
ing reconstruction control algorithm is proposed which
is based on self-supervised extremum-seeking. Unlike
deep learning schemes, this learning process is inter-
pretable and real-time.

2) A real-time cost evaluation function is developed to
guide the controller parameters toward the optimal val-
ues. To mitigate the impact of wind disturbance, a digital
wind direction measurement and anemometer hardware
are connected to the ground station. They evaluate the
external wind disturbance and incorporate it into the
wind disturbance control compensation.

3) An adaptive extremum seeking method incorporating
deep learning momentum acceleration is introduced into
the RBiLC framework to achieve interpretability of the
learning process. Furthermore, a stability theory proof is
achieved based on the established Lyapunov-Krasovskii
function.

4) A software-in-the-loop (STIL) simulations and
real-world experiments are conducted to evaluate
wind field disturbance cancellation in the learning
process, considering disturbed wind fields and wind
field measurements.

5) Finally, the proposed RBiLC algorithm is employed for
online adaptive learning during real-world quadcopter
flight, enabling the system to adapt to unknown config-
uration changes in the propellers or motors.

The rest of this paper is organized as follows. Section II
formalizes the adaptive learning tracking control problem for
a class of nonlinear systems with uncertain configurations,
and this section reviews some necessary assumptions and
mathematical tools. Section III presents the detailed design
process of the brain-inspired adaptive learning controller
and rigorously proves the stability of the control system.
In Section IV, the effectiveness of the RBiLC is confirmed
by SITL simulation, and real-world experiment in Section V.
Section VI summarizes this work and gives an outlook for
future research.

II. PRELIMINARIES

In this section, some basic concepts and results of UAV
adaptive control systems are introduced, and basic problem
descriptions are given. Consider a class of nonlinear dynamic
systems with configuration unceratainties as follows:{

xn(t) = f (x(t))+ g(x(t))u(t)+ w(t)
y(t) = h(x(t))

(1)

where u(t) ∈ Rn , y(t) ∈ Rn, x(t) ∈ Rm,w(t) ∈ Rm

respectively represent the system control vector, system output
vector, system state vector and unknown external disturbance
mapping in the Euclidean space. xn(t) denotes the n order
derivative, f (x(t)) : Rn

→ Rn and g(x(t)) : Rn
→ Rn are

nonlinear uncertain Lipschitz continuous functions.
In general, the multi-channel coupling control problem of

UAV is always decoupled into multiple single-channel control
problems as shown in [14] and [32]. The common fixed
structure PID controller is defined as follows:

u(t) j = K j
pe(t)+ K j

i

∫ t

0
e(τ )dτ + K j

d ė(t) (2)

where K j
p, K j

i , K j
d present proportional, integral and derivative

terms of different channels controller gains, and j ∈ [φ, θ, ψ].
The performance function of nonlinear system controller with
uncertain configurations can defined as

J ∗(x(t)) = arg min
u∈A (�)

∫
∞

t
(S(x(τ ))+U ∗(x(τ ), u(τ )))dτ.

(3)
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Fig. 1. Scheme of adaptive controller for multicopter. Our study achieves
real-time reconfiguration of the controller by estimating the controller’s
optimal structural parameter matrix K∗. A time-dependent sinusoidal signal
with direction g(t) is superimposed in each iteration step based on the
controller estimate K̂ from the previous step as the next controller structural
parameter K, and u1 is the output of flight controller and the J (·) is the
performance function as show in (4).

The purpose of this paper is to get the system output y(x)
tending to the expected output y∗(x) by updating the optimal
cost corresponding J ∗(x) to the controller structure U ∗(x).

Model-free controllers, unlike traditional methods that rely
on a prior mathematical model, rely on a data-driven feedback
response from the system, such as extremum seeking (ES) and
proportional-integral-derivative (PID) control. These methods
can be used not only for linearized systems but also for
nonlinear ones. In particular, the model-free PID control
method [33], which is used by more than 95% of industry
control systems, is suitable as the adaptive control [34]. There-
fore, a self-learning controller framework that can reconfigure
in real-time has significant research value. In this article,
we describe a quadcopter control learning system in Figure 1.

The UAV control system has a problem of control channel
coupling, which is usually addressed by decoupling it into
single-channel processing.

Assuming that the optimal cost of the system for differ-
ent dynamical model configurations can be formulated as a
second-order Taylor expansion of J at the optimal compensa-
tion factor K∗ with

lim
u→u∗

J (K∗) = 0. (4)

The error of estimation defined as K̃ = K ∗ − K̂ , and the
optimal performance function can be described as f (K )∗.

III. REAL-TIME BRAIN-INSPIRED ADAPTIVE
LEARNING CONTROLLER

In this section, a real-time brain-inspired adaptive learning
controller is presented for nonlinear system by following the
design procedure of the adaptive learning method, where the
Lyapunov-Krasovskii functions are employed to compensate
for the uncertain configuration of the system. On this basis,
the stability of the control system and the convergence of
the command tracking error are proved by setting a suitable
performance cost function.

Fig. 2. Schematic diagram of the human brain learning controller parameters
iteratively in real time. ei , (i = 1, 2, 3) denotes the regulation error of three
attitude channeles, and 1K present the system control parameters increment.

A. RBiLC Design

In this work, the brain-inspired process is utilized to cal-
culate the controller’s globally stabilized structure K(t) =
[Kp(t),Ki (t),Kd(t)] for unknow multirotor as shown in
Fig. 1.

The step command error sequence under wind compensation
is used as the system input, and the controller structure
parameter K(t) is updated in each step iterative response as
the system output.

K(t) =

Kφp(t) Kφi (t) Kφd(t)
Kθp(t) Kθ i (t) Kθd(t)
Kψp(t) Kψi (t) Kψd(t)

 (5)

Consequently, combining (2), (5) with (36), one can define
the adaptive basic controller as

U(K, t) j = K(t)[E(t),
∫ t

0
E(τ )dτ, Ė(t)]T (6)

where Kφp(t), Kφi (t), Kφd(t) present adaptive proportional,
integral and derivative terms of roll channel controller param-
eter, and the same as pitch and yaw channels. The error matrix
E(t) = [eφ, eθ , eψ ]T denotes different channels errors.

Nevertheless, reconstructing the controller with optimal
parameters in real-time is a challenging task. Inspired by the
human brain searching for the optimal search strategy, this
paper presents that the essence of deep neural networks is to
iterate the gradient, as shown in Fig. 2. Besides, the Nesterov’s
Momentum [35] update rule in deep learning is given by{

Vi+1 = µVi − λ∇ Ĵ i (Ki + µVi )

Ki+1 = Ki + Vi+1
(7)

where Vi is the incrementation of i th gradient, λ, µ ∈ (0, 1)
denote the learning rate and monmenta parameter respectively,
one can rewrite the controller updates as

1U (t) = 1K j
pe(t)+1K j

i

∫ t

0
e(τ )dτ +1K j

d ė(t). (8)

The parameter gain of the controller will be nonlinear
with the error, and the adaptive search for optimal per-
formance controller structure is essentially a problem of
finding an optimal solution as K∗ = [Kp

∗,Ki
∗,Kd

∗
],

in a multidimensional manifold. For kth learning, we have
K(k) = [Kφ(k), Kθ (k), Kψ (k)]⊤, and the basic cost function
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of nonlinear system performance of a whole learning cycle
t ∈ [t0, t0 + T ] can be represented as

J = ησ + (1− η)
∫ t0+T

t0
e2dt (9)

where η ∈ [0, 1] presents the overshoot coefficient, here we
set η = 0.35. The response overshoot can be caculated as

σ =
ymax (t)− yd(t)

yd(t)
× 100%, t ∈ (t0, t0 + T ) (10)

and ymax , yd denote the max of measure value and the desire
value, t0 is the initial time of each learing process and T is
the cycle time.

It is worth mentioning that the calculation methods of
systems performance cost function are different from tra-
ditional methods such as integrated square error (ISE) or
integrated absolute error (IAE) in [36], the calculation method
is derived from the fact that human experts rely on the
output response curve of the system to perform performance
evaluation during the controller reconfiguration design pro-
cess.The action-critic used in reinforcement learning also uses
the similar design ethos. Nonetheless, manual methods that
rely on expert experience are time-consuming and labor-
intensive. Besides, the reinforcement learning neural networks
are unexplainable black boxes. Therefore, a learning method
based on interpretable gradient descent is urgently needed
to make the system achieve local asymptotic stability after
multiple response iterations. According to the brain-inspired
cost evaluation funtion shown in (9), the cost function discrete
form is made as follows:

J (k) = ησ + (1− η)
Tk/1t∑
i=1

ek
2(i) ·1t (11)

where ek(i) denotes the error in following the target trajectory
with initial disturbance using the 1st iteration parameters K(1),
and t0 presents the start time of the step command. Suppose the
gradient of the cost function ∇J (k) is available and it could
iteratively optimize the parameter of RBiLC. The parameter
update rule can be defined as

Kp(k + 1) = Kp(k)− ap∇Jp(k),
Ki (k + 1) = Ki (k)− ai∇Ji (k),
Kd(k + 1) = Kd(k)− ad∇Jd(k).

(12)

where K(k) denotes the parameter vector after kth iterations
and ap, ai , ad denote the step size of the parameters of
quadcopter at each step of the iteration. As t → ∞, the
cost function J (K(k)) will approach a local minimum in the
manifold space of PID controller gains. The question transfer
to how we can estimate ∇J (K(k)). That is

∇J (K(k)) =
(
∂

∂kp
JP(k),

∂

∂ki
JI (k),

∂

∂kd
JD(k)

)
(13)

and the derivative to the controller parameter evaluated error
K̃ = K ∗ − K̂ can be computed as

K̃ (k + 1) =
(
−

λa2

2
J ′′

)
K̃ (k) (14)

where a is the brain inspire learning rate, and the λ is the
adaptive gain for optimize the local controller parameters.

Hence, combin (1), (6) and (11), one have the adaptive
learning controller of nonlinear control system can be rewritten
as multichannel matrix form

Xn(t) = F(X(t))+W(t)

+G(X (t))K(t)[E(t),
∫ t

0
E(τ )dτ, Ė(t)]T

Y(t) = H(X(t)).

(15)

These parameters are randomly initialized to K(0), and
then the system control cost function J (K(k)) is evaluated by
periodically inputting perturbation step signals to update the
parameter changes K(k). The initial value of the optimization
value should be reset randomly several times and compared
to find the global best results. For the PID parameters
are randomly initialized, each iteration is optimized based
on gradient-direction disturbances, which are guided by
calculating the cost and gradient of the average response.
By drawing the function relationship between cost function
and iteration number, the convergence of the system can be
guaranteed, and the working principle of this adjustment
method is verified.

B. Theoretical Analysis

Before conducting the stability analysis of the online control
of the nonlinear configuration uncertain system, we first need
to make some assumptions.

Assumption 1: Define the transforms function as M =

M(x), and one can rewrite the nonlinear control system (1) as
follows

żi = zi+1, i = 0, . . . , n − 1

żn = f (z)+ g(z)u(t)+ w(t),

y = z1.

(16)

where z∗ ≜ (y∗, 0, . . . , 0)T ∈ Rn , and m ∈ Rn , JM(·) presents
the Jacobian matrix of map M(x) : Rn

→ Rn .

M(x) = (h(x),
n∑

i=1

∂h
∂xi

(x) fi (x), . . . ,
n∑

i=1

(
∂h
∂xi

(x))n fi (x))T .

(17)

For any setpoint y∗(t), there always exists increasing func-
tion f1, f2 from R+ → R+ with lim supx→0

f1(x)
x < ∞ and

lim supx→0
f2(x)

x <∞.
Remark 1: The bottom bound of the known constant c

and the upper bound of the function f1, f2 are important in
constructed the controller parameters. Thus, the configuration
uncertain system can be written as

ẋ i = xi+1, i = 0, . . . , n − 1

ẋn = f (x)+ g(x)u(t)+ w(t),

y = x1.

(18)
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where f (x), g(x) denote the uncertain function of system.
Suppose{

g(x) ≥ c,
| f (x)| + |g(x)| +

∥∥J f (x)
∥∥+ ∥∥Jg(x)

∥∥ ≤ r(∥x∥).
(19)

where J f (x), Jg(x) denote the gradient of function f (x), g(x),
respectilly. r : R+→ R+ is continous and increasing function.

Assumption 2: There esist constants c1, c2 ∈ (0,+∞), then
the inverse of the system Jacobian Matrix JM(x) have∥∥J−1

M (x)
∥∥− c2

∥x∥
⩽ c1 · max⟨0, log(x)⟩,∀x ∈ Rn (20)

Remark 2: The super-linear rate of ∥JM(x)∥ in Assump-
tion 2 cannot be relaxed essentially. Since the transformation
function M defined by (17) is identify, this assumption is
automatically satisfied.

Definition 1: It should be pointed out that, based on Sys-
tem (1) and Assumptions 1, 2, we define a class of nonlinear
structural parameter uncertain systems as N , then the config-
uration uncertain systems can be described as following:

N
(
c,F1,F2

)
= ( f, g, h), (21)

Lemma 1: (see [37]:) Define Ȳ (t) = (y0(t), . . . , yn(t))T ,
and suppose that there exists two bounded functions fa and
ga which are defined on t ∈ [0, T ], it has{

ẏi = yi+1, i = 0, . . . , n − 1
ẏn = fa + gaui + w(i).

(22)

where fa = F(x(t)) − F(x∗)G(x(t))/G(x∗) and ga =

G(x(t)). For arbitrary constant ϵ > 0 and any initial parame-
ters K ∈ R3×3, if b0 = f1(cϵ), and α,w,λ ∈ (0,∞), then we
have ∥Ȳ (t)∥ ≤ ce−αtϵ, when t ∈ (t0, t0 + T ).

Theorem 1: Consider a class of nonlinear uncertain systems
(21) with adaptive reconfiguration learning control rules (14).
For any given

(
c,F1,F2

)
, there is an adaptive structural

parameter K in the manifold space P ∈ �3×3, such that any
closed-loop control system ( f, g, h) ∈ N (c,F1,F2) of the
adjustment error e(t) = y∗ − y(t) can converge to zero on
[t0, t f ] ∈ [0,∞].

lim
t→∞

(y(x(t))∗ − y(x(t))) = 0. (23)

Proof: Defining the Lyapunov-Krasovskii function as
follows:

Vi,k =
1
2
v2

i,k +
1
2

i∑
j=1

∫ t

t−d j

ψ2
i, j

(
x j,k(τ )

)
dτ (24)

To confirm the stability of the control system, one desig-
nated the composite performance evaluation function at the
kth learning as follows:

J (k) = Vi,k + η(k)σ (k)+ (1− η(k))
Tk/1t∑
i=1

ek
2(i) ·1t. (25)

The whole proof is composed of three parts:
Step 1: For any admissible control law u(t) ∈ A (�),

reshape the continuously differentiable performance function

J (k) to J (x), then the nonlinear Lyapunov equation can be
defined as

0 = S(x)+U (x(τ ), u(τ ))

+ (∇ J (x))⊤( f (x)+ g(x)u(x)+ w) (26)

and ∇ J (x) = 0, let Hamilton form be

H(x, u(x),∇ J (x)) = S(x)+U (x, u(x))

+ (∇ J (x))⊤( f (x)+ g(x)u(x)+ w).

(27)

From (3), Hamilton-Jacobi-Bellman (HJB) equation is build
as

min
u∈K (�)

H
(
x, u(x),∇ J ∗(x)

)
= 0 (28)

then, the optimal control problem can be established as

u∗(x) = arg min
u∈K (�)

H
(
x, u(x),∇ J ∗(x)

)
. (29)

Besides, conbining the quadratic utility term u⊤Ru in
U (x, u) = x⊤Qx+u⊤Ru, the controller U ∗ is also written as

U ∗(x, u) = −
1
2

R−1g⊤(x)∇ J ∗(x) (30)

Combining (26),(28) with (42), the HJB equation is also
writen as

0 = S(x)+U
(
x, u∗(x)

)
+

(
∇ J ∗(x)

)⊤( f (x)+ g(x)u∗(x)+ w
)

(31)

with J ∗(K ∗) → 0, then H(x, u∗(x),∇ J ∗(x)) = 0, exciting
utility term S(x) as

S(x) =
1
4

(
∇ J ∗(x)

)⊤
∇ J ∗(x)+ 02(x) (32)

we have
dJ ∗(x)

dt
=

(
∇ J ∗(x)

)T
[ f (x(t))+ g(x(t))u(t)+ w]|ẋ

=−
1
4

(
∇ J ∗(x)

)T
∇ J ∗(x)− 02(x)

−U
(
x, u∗(x)

)
+

(
∇ J ∗(x)

)T
w(x) (33)

therefore, we can obtain

J̇ ∗(x) =−U
(
x, u∗(x)

)
− 02(x)+ (w(x))⊤w(x)

−

[
1
2
∇ J ∗(x)− w(x)

]T[
1
2
∇ J ∗(x)− w(x)

]
≤ −U

(
x, u∗(x)

)
−

[
02(x)− (w(x))⊤w(x)

]
(34)

According to the boundary conditions ∥1 f (x)∥−0(x) ≤ 0,
(34) is equivalent to

J̇ ∗(x) ≤ −U
(
x, u∗(x)

)
< 0,∀x ̸= 0. (35)

Hence, the control system has optimal parameters to satisfy
Lyapunov local asymptotic stabilization.

Step 2: Next, it is also necessary to prove that the learning
method based on cost evaluation can find the optimal control
configuration. According to Fig. 1, the system performance
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evaluation cost function (single channel) can be abstracted into
the following

J (K ) = N ∗
(
c,F1,F2

)
+
N ′′

2

(
K − K ∗

)2 (36)

it could be obtained from (36) that the estimate parameters
K̂ = K − a sinωt and K̃ 2 sin2 ωt = 1− cos 2ωt

J (K ) =N ∗ +
N ′′

2

(
K̃ − a sinωt

)2

=N ∗ +
N ′′

2

(
K̃ 2
− 2aK̃ sinωt +

a
2

2
−

a
2

2
cos2ωt

)
=N ∗ +

N ′′

2
K̃ 2
− aN ′′ K̃ sinωt +

a2N ′′

2
sin2 ωt

=N ∗ +
a2N ′′

4
+
N ′′

2
K̃ 2
− aN ′′ K̃ sinωt

+
a2N ′′

4
cos 2ωt (37)

where ωi prensents modulation frequency, direct current (DC)
signal in (37) can be eliminated after high-pass filtering, that
is

s
s + h

[J ] =
N ′′

2
K̃ 2
− aN ′′ K̃ sinωt +

a2N ′′

4
cos 2ωt. (38)

Further,

ξ =
s

s + h
[J ] · a sinωt. (39)

Submitting 2 sin2 ωt = 1− cos 2ωt into (39), it yields

ξ = −
aN ′′

2
K̃ +

aN ′′

2
K̃ cos 2ωt

+
a2N ′′

8
(sinωt − sin 3ωt)+

N ′′

2
K̃ 2 sinωt (40)

and

K̃ =
λ

s
ξ. (41)

Feeding the result of combine singal (40) and (41),
we obtain

K̃ (k + 1) =
(
−

λa2

2
N ′′

)
K̃ (k). (42)

Since λa2 > 0 and N ′′ > 0, it can be seen that the
estimation error is monotonically decreasing, so the system
performance function can take the optimal value J (K ) →
J ∗(K ∗) in the finite time domain, and the corresponding
control parameters are the optimal controller parameters K∗.

Step 3: Based on the proof of the local asymptotic stability
of the system in step 1 and the proof of the convergence of the
learning rate in step 2, we also need to prove the convergence
of the stabilization error at the optimal point to ensure that the
asymptotic stability of the reconfigured controller adjustment
error is close to zero. By Assumptions 1, 2 and Lemma 1,
we have

| fa| =
∣∣F(x(t))− F

(
x∗

)
G(x(t))/G

(
x∗

)∣∣
≤

∣∣F(x(t))− F
(
x∗

)∣∣+ f1
(∣∣y∗∣∣)∣∣G(x(t))− G

(
x∗

)∣∣/c
≤

(
c + f1

(∣∣y∗∣∣))∥∥H(x(t))− H
(
x∗

)∥∥/c
≤

(
c + f1

(∣∣y∗∣∣))g1
(∥∥M(x(t))− M

(
x∗

)∥∥)
/c

=
(
c + f1

(∣∣y∗∣∣))g1(∥Y (t)∥)/c

≤
(
c + f1

(∣∣y∗∣∣))g1(∥Ȳ (t)∥)/c (43)

and

∥Y (0)∥ =
∥∥M(x(0))− z∗

∥∥
≤ f1(∥x(0)∥)+

∥∥z∗
∥∥

≤ f1(ϵ)+
∣∣y∗∣∣. (44)

Accordingly,

lim
k→k∗
|e(k)| = lim

k→k∗
|y(x(k))∗ − y(x(k))|

= lim
k→k∗
|y1(k)|

≤ lim
k→k∗
∥Ȳ (k)∥

≤ lim
k→k∗

cϵe−a 1
|k−k∗|

= 0. (45)

This completes the proof of Theorem 1. □

IV. SIMULATION VERIFICATION

Software in the loop (SITL) simulation is performed to
validate the effectiveness of the proposed brain-inspired learn-
ing control scheme in this section. The simulation platform
was built on Ubuntu18.04.6 LTS system, with the hardware
configuration as 11th Gen Intel Core i7-11800H@2.30GHz*16
and disk as 151.0G. The quadcopter model is simulated with
X-type as shown in Fig. 6. The ground control station (GCS)
uses the open source ground station Mission Planer running on
Windows 10 and connecte with a quadcopter using MAVProxy
by Local Area Network (LAN).

In order to ensure the stability of the position outer loop
control, the stability of the inner attitude loop should be
considered first. This paper study the angular controller to
verify the effect of the proposed RBiLC on the cascade
controller (angle-rate-loop). Attitude control includes three
channels, roll, pitch, and yaw. The proposed single input single
output (SISO) method RBiLC is used to control this channel
individually, as shown in Fig. 1. The parameter values based
on measurements of the copter used in this simulator are set
as shown in Table I. The random wind disturbance speed is
set to vwind = 1.3 m/s.

The simulation process is shown in Fig. 3. At the beginning
of the simulation, we first use the default initialization PID
controller parameters, climb 10 meters in the air in position
mode, hover for 3 seconds, and then switch the flight mode
to self-learning (SL) mode. Then the UAV performs the
φ+ maneuver, restores the horizontal attitude, and remains
horizontal until an action evaluation calculation is completed.
The iterative parameter estimate K (1) is given. Then the
controller reconstructed based on K (1) is used, U (K (1), x)
controls the next roll hostile maneuver of the system. Similarly,
the iterative update controller is U (K (2), x). Finally, after
reaching the maximum number of iterations or setting the
cost threshold, the learning will be stopped and the learned
parameters will be recorded. The pilot will decide whether
to use the learned parameters. The same as pitch and yaw
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Algorithm 1 RBiLC Algorithm for Attitude Control
Input:

Initialization: attitude controller parameters:
Kp(0) = [Kφ,p(0), Kθ,p(0), Kψ,p(0)]⊤;
Ki (0) = [Kφ,i (0), Kθ,i (0), Kψ,i (0)]⊤;
Kd(0) = [Kφ,d(0), Kθ,d(0), Kψ,d(0)]⊤;
J (k): cost function value in time k, J (0) = 0;
Hyperparameters:
η0 = 0.5: overshoot coefficient;
α0 = 0.2: brain inspire learning rate;
λ = 0.6: adaptive gain;
δ0: sample time;
kmax : the maximum cycle of learning;
Output:

Uφ,θ,ψ (K (k)) = [E((k − 1)),
∑mk

i=0 E(i) · 1t, E(k)−E(k−1)
1t ] ·

K(k − 1).
1: Adaptive learning process
2: for channels number j = 1 : 3 do
3: for iter number k = 1 : k( j,max) do
4: Check attitude level;
5: if attitude is level &J j (k) > J j

∗ then
6: J j (k)← cost value as shown in (11);
7: ∇K j (k) ← parameters change estimator from

(14);
8: Y j (k)← do action (−1)k[φd , θd , ψd ]

⊤

j ;
9: back to level;

10: k++;
11: Update U j (K (k));
12: else
13: Wait back to level();
14: Update U j (K (k)) = U j (K (0));
15: while The learning process is interrupted do
16: Baseline controller takeover;
17: Update U j (K (k));
18: Logging Kj

∗;
19: return Uφ,θ,ψ (K (k)).

TABLE I
PARAMETERS OF QUADCOPTER PLATFORM

channels. The process logic for designing the self-learning
flight control is shown in Fig. 1. The J denotes the error
cost over a period defined in (9).

Fig. 3. Snapshot of SITL for quadcopter attitude controller adaptive learning.
There are three main parameters [K p, K i, K d] for a single channel. Previous
research shows that the proportional term coefficient K p is the primary
influence. Therefore, in this paper, we give the initial values Ki (0) and Kd (0)
of ZN adjustment in the SITL simulation environment and real test flight
environment in advance, mainly for the Kp term, which has more influence
on stability.

Fig. 4. Compare the control response of quadcopter drone systems before
and after adaptive learning in SITL.

In Fig. 4, the left side is the step response of the controller
under the structural parameters based on the Ziegler-Nichols
(ZN) method in Section I. Compared with the RBiLC method
on the right side, it can be seen that our method can signifi-
cantly reduce the rise time and steady-state time on the roll and
pitch channels, and the yaw channel can significantly reduce
the overshoot. Since the control of the quadcopter in the roll
and pitch channels is entirely symmetrical, it is unified with the
first picture for comparison. In Fig. 5, the system cost function
J (K ) continues to converge to zero, and the yaw channel will
stabilize after an inevitable fluctuation in the randomly added
wind disturbance. Meanwhile, the controller parameters are
also real-time reconstructed into a compact set of stable point
neighborhoods.

V. EXPERIMENTATION

In order to verify the effectiveness of the proposed method,
we built an X-type quadcopter flight platform based on the
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Fig. 5. Cost value and structure parameters of quadcopter controller during
RiBLC learning in SITL.

TABLE II
HARDWARE OF QUADCOPTER PLATFORM

Fig. 6. Hardware of quadcopter experimental platform.

F450 frame with the following specific parameters: 2312kv
brushless motor, Hobbywing 20A brushless electronic speed
controller (ESC), flight controller hardware, UAV body frame,
battery, 9450 self-locking propeller and 9455 noise-reducing
folding three-blade propellers. The specific parameters are
given in Table II.

1) UAV Design: All of our experiments were conducted
at the NearSpace Vehicle Research Center of Zhejiang Uni-
versity. The overall UAV hardware architecture of the flight
platform is shown in Fig. 6. We designed two aerodynamic
characteristics of the propeller (2-blade and 3-blade) to simu-
late an uncertain variation of the UAV power system model.
Without relying on a priori knowledge of the UAV, real-time
controller reconfiguration can be achieved for different models
using only real-time aerial learning data.

Fig. 7. The fully automatic realtime aerovane.

Fig. 8. Outdoor random wind and temperature.

The 2-blade propeller (APC material) radius is r1 =

119.38mm, pitch is c1 = 127mm and weight is w1 = 11.3g.
The 3-blade propeller (carbon fiber material) radius is r2 =

r1 = 119.38mm, pitch is c2 = 139.7mm, weight is w2 = 35g,
and the 3-blade propeller tip is optimized for noise reduction.
For external random wind disturbance, the wind speed and
direction of the flight site need to be measured in real-time.
However, the existing equipment in the market can not realize
the automatic cooperative measurement of wind direction and
speed. Then we designed and built a universal real-time wind
direction anemometer based on a normal anemometer. It can
automatically follow the maximum wind direction steering to
measure the test flight environment. This aerovane, as shown in
Fig. 7 comprises of digital aerovane model (Aicevoos-AH-10)
and an automatic changeover, was designed to measure the
random speed and direction of wind disturbance automatically
in Fig. 8.

All experiments were conducted outdoors as shown in
Fig. 9, the aircraft positioning system based on a Global
Positioning System (GPS) module, the data transmission link
based on a WIFI module, and the remote control link based
on the open source OPEN TX system with SBUS protocol.

A. Case A: Learning Under 2-Blade Propeller Configuration

The 2-blade propeller adopts a 9450 self-locking plastic
paddle. The control effect of manual experience for param-
eter adjustment is used as the baseline. Then the RBiLC is
intervened for learning control. Finally, the control effect is
compared, and the quantitative indexes are selected as rising
time overshoot and average cumulative error.
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Fig. 9. Outdoor flight test of RBiLC for quadcopter uncertain model platform.
In a): t0 denotes the time of learning start time, and T denotes the periodic
time of random step singal, n denotes the max number of iteration learning.
In b): In real-time, the wind vane can record the relative air speed in the
direction of the maximum wind speed in the outdoor random wind field.

Fig. 10. The real-time snapshots of the UAV’s periodic command steps
response process under the condition of unknown power configuration in
real-world.

We have installed a miniature camera on board to record
environmental information during the learning process. The
on-board screen, which displays different learning instructions,
is presented in Fig. 10. The excitation response process of the
UAV under various unknown configuration model conditions
was recorded by the on-board camera. It was observed that
at different heights with the same horizontal position, high-
altitude obstructions are reduced while wind disturbance is
more significant, and the low-altitude wind is relatively weak.
Therefore, high-altitude aircraft require a particular wind
compensation inclination command to maintain a horizontal
position. Additionally, when the periodic command returns
to zero, it is necessary to superimpose the wind disturbance
compensation command based on the horizontal attitude.

[φ, θ, ψ]cmd = [φ, θ, ψ]level + [φ, θ, ψ]desire, (46)

where [φ, θ, ψ]cmd represent the real desire command angles
send to attitude controller, [φ, θ, ψ]level represent measure-
level angles, and [φ, θ, ψ]desire represent the relative desire
angles.

Fig. 11. 2-blade in real-world: attitude tracking response of self-learning.
The left output curve are the step responses of [φ, θ, ψ] for the model-free
controller designed based on ZN rules, and the right are the step response
used RBiLC method.

Fig. 12. 2-blade in real-world: the cost value and the controller parameters
of roll, pitch, yaw (φ, θ, ψ) during the attitude controller self-learning.

The disadvantage of the ZN method is that the optimal con-
troller reconstruction design needs to be carried out through
multiple manual offline trials and errors for unknown control
models. In contrast, the RBiLC method can significantly
reduce the rise time and the overshoot of the roll and pitch
channels’ responses. It should be noted, however, that due to
wind compensation, the yaw channel may experience partial
overshoot when tracking large orders exceeding 50◦, but the
rise time has been significantly improved.

Comparing the attitude tracking learning effect of the
RBiLC controller with that based on the ZN method using
the data presented in Figure 11, we can observe that RBiLC
reduces the rise time of all three attitude channels by at
least 38.46%. Additionally, overshoot is also reduced in this
experimentation.

To downscale the 9-dimensional space solution problem to
a 3-dimensional one and reduce the complexity of channel
coupling, independent learning is carried out in the order of
roll, pitch, and yaw. This is achieved by updating the con-
troller parameters through each iteration of the cost function,
as shown in Figure 12.
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TABLE III
3 AXIS ATTITUDE (φ, θ, ψ ) PERFORMANCE COMPARISON

Fig. 13. 3-blade in real-world: attitude tracking response of self-learning.
The left output curve are the step responses of [φ, θ, ψ] for the model-free
controller designed based on ZN rules, and the right are the step response
used RBiLC method.

B. Case B: Learning Under 3-Blade Propeller Configuration

The learning experiment of the 2-blade propeller can fully
demonstrate the effectiveness of the learning process. How-
ever, to more effectively illustrate that this method is also
effective when dealing with UAVs with unknown configura-
tions or uncertain physical models, we designed a 3-blade
carbon fiber propeller with an unknown model to conduct
control reconstruction experiments on the same body with
learning while flying.

As can be seen from the Fig. 13, the attitude control system
roll and yaw channel overshoot after learning have been sig-
nificantly lower. At the same time, in order to resist gusts, the
aircraft equilibrium state needs a roll angle to counteract the
wind disturbance. Then there will be a problem of small final
equivalent attitude instructions and slow iteration of controller
parameters, we solve by expanding the maximum number of

Fig. 14. 3-blade in real-world: the cost value and the controller parameters
of roll, pitch, yaw (φ, θ, ψ) during the attitude controller self-learning.

iterations and accelerating the historical momentum. In the
Fig. 14, after a sufficient number of iterations, the performance
cost function of the system may fluctuate or stagnate in gusty
conditions but may eventually be J ∗.

Based on CaseA in above, we only replace the propeller
of the unknown dynamic model and simulate the controller
adaptive reconstruction learning process under the unknown
configuration. Fig. 14 shows that after about 3∼5 minutes of
learning, the overall performance cost tends to be zero. Com-
bined with the automatic heading adjustment compensation
mechanism to the wind direction, the standard step response
is excessively soft variable step instructions, thereby reducing
wind field interference and realizing pilot test flight debugging
without manual intervention.

We also conducted flight experiments to compare the atti-
tude and motor output changes before and after the UAV
dropped the package with or without the quadcopter controller
turning on the self-learning function. The results show that the
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learning controller can easily cope with the random system
perturbations caused by the parcel drop and can quickly and
stably restore a smooth flight.

VI. CONCLUSION

In this paper, a real-time brain-inspired learning control
(RBiLC) algorithm is developed to solve the multi-rotor con-
trol problem in a class of nonlinear systems with unknown
configurations. A cost function, similar to the control effect
evaluation of the human brain, is used to guide the adaptive
reconstruction of the controller parameters in real-time to
obtain the UAV controller fitting for the unknown configura-
tion. The algorithm’s logic and effectiveness are verified in the
SITL environment and deployed on a quadcopter in a natural
wind disturbance environment for actual flight. The results
demonstrate that the RBiLC can reduce the rise time by at
least 30%, decrease the overshoot response by 20%, and, most
importantly, reduce the full process controller reconfiguration
time. It can also learn controller parameters for [φ, θ, ψ] in
3∼5 minutes. Future work will incorporate tiltable vertical
takeoff and landing vehicles (VTOL) into the adaptive learning
framework to minimize the design of flight controllers with
varying model parameters.
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