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Self-Organizing BFBEL Control System for a
UAV Under Wind Disturbance
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Hemanshu Pota , Lakmal Seneviratne , and Yahya Zweiri , Member, IEEE

Abstract—A self-organizing bidirectional fuzzy brain
emotional learning (SO-BFBEL) controller is developed to
control a quadcopter UAV in an uncertain environment. The
proposed SO-BFBEL controller improves the performance
of the existing BFBEL controller by generating more ac-
curate fuzzy layers in real-time and removes the need to
depend on expert knowledge to set the fuzzy layers. The
proposed SO-BFBEL controller is applied to control the
position of a quadcopter UAV for accurate 3-D eight shape
trajectory tracking for three different speed settings under
extreme wind disturbances up to 5 m/s in real-time ex-
perimentation. Two industrial fans are used to create the
wind disturbance for the experiments. The performance is
compared to the DNN-MRFT based PID controller and to the
BFBEL controller. The experimental results show that the
proposed SO-BFBEL controller achieves robust trajectory
tracking for both circle and 3-D eight shaped trajectory
under extreme wind disturbance and with lower compu-
tational cost. The proposed self-organizing algorithm can
be applied to optimize other controllers with fuzzy neural
network structure.

Note to Practitioners—The learning rate alpha and beta
are set manually at the beginning (if no simulations are
done to test) to check for the appropriate magnitude of the
control signal. If the learning rates are too low, then the
controller output will be too low to control the system (too
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slow to adapt) and if it is too high, then the system will
become too sensitive or unstable (if the control signal is too
high). Once the magnitude of the learning rate is achieved,
then it will be trivial to adjust it further. For example, if alpha
and beta values set to 0.0001 is too low and 1 is too high,
then around 0.01 will give the most appropriate response.
It can then be increased or decreased based on the system
response. No other parameters require any tuning and they
can all be set to the default values as mentioned in the
article.

Index Terms—Brain emotional learning based intelligent
control (BELBIC), deep neural network with the modified re-
lay feedback test (DNN-MRFT), flight control, proportional–
integral–derivative (PID), quadrotor, reinforcement learning,
wind disturbance.

I. INTRODUCTION

ADVANCES in unmanned aerial vehicles (UAVs), also
known as drones, have opened up many new applications.

Drones include fixed wings, rotary wings, flapping wings, and
hybrid configurations. A rotary wing configuration is considered
in this article. It is the most suitable for many applications
due to its simpler structure with vertical take-off-landing and
hovering capabilities. Some recent rotary wing drone appli-
cations include automatic power line inspection [1], manag-
ing COVID-19 in healthcare [2], [3], firefighting [4], photog-
raphy [5], and long distance drone delivery [6], [7]. Multi-
rotor drones are under-actuated systems and have nonlinear
system dynamics with couplings [8], [9]. Drones are affected
by parametric uncertainties and wind disturbance. One of the
fundamental parts of drone robotics is its control system espe-
cially, under uncertainties and there is a need to improve the
performance of the controllers to extend the envelope of the
drone applications [10].

A. Related Work

There is extensive literature available in drone control systems
with numerous techniques and approaches [11], [12], [13], [14],
[15], [16], [17], [18], [19]. The proportional–integral–derivative
(PID) controller is popular for drone control due to its simplicity
but it needs proper tuning to achieve control which is time con-
suming. Some of the recent controllers include, a backstepping
and sliding mode control combination [11] and a fuzzy negative
imaginary controller [12].

In [20], a Hammerstein model-based model predictive con-
troller was used to control a UAV with a three axis gimbal
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Fig. 1. Qdrone UAV flight under wind disturbance from two industrial
fans.

mounted on it. In this approach, the model of the system is
first identified using the flight data and it is used to predict the
future response based on the input–output relation to produce
and optimize a control response appropriate for the situation.
By this method, they improve the wind disturbance handling
capability compared to a conventional PID but this method
relies on the availability of the system model where the flight
data for uncertain environments may not be available all the
time. In [21], the Harris Hawks Optimization technique was
used to optimize the PID controller to improve the controller
performance. In [22], a nonlinear auto regressive eXogenous
(NARX) model of the UAV was obtained using the flight data
and it was used to achieve better control performance of an
UAV with payload delivery. In [23], a hybrid metaheuristic
optimization algorithm was used to optimize the path planning
and its trajectory and along with a PID controller to get an
optimal flight control response.

In [13], an intelligent control system based on a radial basis
function adaptive NN was used to control the UAV. Here, a sys-
tem identifier is used to identify the system while it is controlled
with a predefined controller, and in the mean time the NN is
trained using the identified model in parallel. The trained NN
takes over the predefined controller once it is ready, and the
system can always switch back to the predefined controller if
the NN fails, as a fail safe mechanism. Though this scheme is
quite useful, it needs a predefined controller that already works
and this may not be suitable for situations where a working
controller is not available. Another approach is based on data
engineering where the system uses flight data, machine learning,
and autotuning algorithms to pretune the control parameters in
simulation before experimentation [14].

Many existing control techniques are complex to design and
depend on the availability of the system model. Modeling un-
certainties such as wind disturbance and other unknown factors
are not possible at all times so it becomes challenging to de-
sign with the model-based approach in those situations. This
is the drawback of the model-based controller or controllers
that depend on the availability of the system model and their
capability to handle uncertainties. A detailed survey analyzing
the model-based controllers and the NN controllers that depend

on the training and system identification are detailed in the recent
survey paper [24].

There are parametric uncertainties in the UAVs which include
modelling uncertainty, rotors, motors, and battery degradation.
A detailed analysis of the effects of parametric uncertainties on
the UAV was given in [25]. These are handled by modeling the
system with multiple flight data in the required environment.
A deep neural network with the modified relay feedback test
(DNN-MRFT) algorithm follows this method and it is used to
identify the system along with the uncertainties based on the data
and tune the PID controller for immediate flight [15], [16], [17].
In this approach, the DNN is trained using the data from multiple
simulated flight tests. Then, the MRFT technique is used when
the drone is in flight using a tuned PID controller. When the
MRFT technique is turned-ON, the drone performs oscillatory
cycles for all three attitudes and altitude for 2–3 s each. The data
from the MRFT is then processed through the trained DNN to get
the optimal controller gain values. This procedure identifies the
best control gain values for the PID controller for each controlled
output and it is done for all three positions and attitude control.
This technique provides good performance as it was trained and
identified for this environment. In this article, we choose this
method to get the best PID controller performance for compari-
son as it is one of the effective PID controller tuning technique in
the recent literature. A brain emotional learning based intelligent
control (BELBIC) system inspired by the emotional and logical
mechanism of the brain was first introduced in [26] and it was
applied to numerous applications including a UAV [27] without
much change in the structure of the system. This architecture
had ambiguity as parts of the controller were not clearly defined
and it needed to be defined for every application. This was
addressed in [28], [29] to a large extent and the later version
of the controller was given in [30]. In [30], a recurrent NN and
a wavelet membership function were used to achieve control
of a system. The control system uses a sliding surface which
has arbitrary gain values that need to be manually chosen based
on the system and this introduces ambiguity in designing the
controller. The adaptation algorithm is unchanged and it can
only adapt monotonously which means the network weights will
keep increasing to infinity even after convergence.

These gaps are addressed in a recent paper where a nonmodel-
based bidirectional fuzzy brain emotional controller (BFBEL)
that does not depend on the system model, flight data, or require
any pretraining of NNs was introduced in [18], [19]. The BFBEL
controller is used to achieve six degrees of freedom (6DOF)
control for a quadcopter UAV [18] and it was also applied to
achieve 1DOF control for a flapping wing platform [31]. Since
this is a nonmodel-based controller it is applied to control a mag-
netic sphere levitation system [29] as well. The advantage of the
BFBEL control systems over other NN controllers that are based
on the traditional backpropagation learning mechanism is that
the BFBEL controller can start from zero initial weights whereas
other controllers need to have their initial NN weight values
to be close to the converged weight values. This increases the
practical applicability of the proposed controller for a wide range
of applications with minimal effort. Though the performance of
the BFBEL control and its applicability to different systems are
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established, the literature on further studies, development, and
analysis of the BFBEL controller are quite lacking.

In [18], the fuzzy layers were predefined by using an expected
error range and the operation of the controller is limited to that
specific range even if the control system can handle more. This
is a problem if an external disturbance causes the system to go
beyond the expected range where it may not be able to handle it.
The capability of the controller is not experimentally tested for
wind disturbance. So a mechanism where the operating range
of the control system can adapt is missing in the literature along
with its experimental performance under wind disturbance.

In this paper, we introduce a novel self-organizing (SO)
algorithm for the bidirectional fuzzy brain emotional learning
(BFBEL) control system and it is named the Self-Organising
BFBEL (SO-BFBEL) controller. The concept of self-
organization has been developed in different ways in the lit-
erature to modify the structure of the control system by both
generating and deleting neural connections to improve the per-
formance and computation time. It is observed that not much
attention is given to development of a self-organizing mecha-
nism that is simple enough to be easily extended to other con-
trol systems and improve the computational efficiency without
sacrificing the performance. The structure of an artificial neural
network (ANN) can be developed with a variety of hidden layers
and hierarchies depending on the application and the system.
It is not practical to develop a simple mechanism that can be
used for all ANN designs. This research focuses on controllers
based on fuzzy neural network (FNN) structure as they generally
utilize the fuzzy membership function on the inputs and connect
to the relevant neurons for weight adaptation. This structure
is easy and straight forward to use as the activity of neural
networks depend on the firing strength of the fuzzy membership
functions. In this work, an efficient SO algorithm for FNN based
intelligent control system (ICS) is presented. The contributions
of this article are as follows.

1) A novel self-organizing BFBEL (SO-BFBEL) control
system is introduced that is based on the BFBEL control
system. The SO algorithm introduced in this controller
can be applied to any FNN-based controllers.

2) The main contribution of the proposed SO algorithm is
that it removes the requirement of expert knowledge in
the system to predefine the fuzzy layers and removes the
limitation of the predefined fuzzy range in the existing
BFBEL controller. This improves the tracking perfor-
mance by creating the most appropriate fuzzy member-
ship functions (fuzzy layers) in realtime and it also lowers
the computation cost by deleting the underused or unused
fuzzy layers in real-time.

3) The capability of the proposed SO-BFBEL controller
is tested by initializing the controller with zero initial
weights and with only one fuzzy layer (membership func-
tion) with zero as the mean value to test its ability to create
its own fuzzy layers online. The proposed SO-BFBEL
controller is applied to a Quanser Qdrone QUAV for
position tracking control under extreme wind disturbance.

4) Efficiency and performance of the proposed SO-BFBEL
controller is tested and compared with the existing

BFBEL controller and the DNN-MRFT based PID con-
troller for QUAV control under different scenarios of wind
disturbance for multiple flight trajectories.

The rest of this article is organized as follows. Section II
gives the problem formulation, and Section III discusses the
control structure. Section IV introduces the SO algorithm. The
proposed SO-BFBEL controller is simulated and compared with
the BFBEL control system in Section V. Experimentation and
their results are described in Section VI. The findings of the
research are then discussed in Section VII. Finally, Section VIII
concludes the article, and some remarks and note to practitioners
are given in Sections IX and X.

II. PROBLEM FORMULATION

Consider a nonlinear system described by the following equa-
tion:

ẋ(t) = f(x(t)) + g(x(t))u(t) + d(t) (1)

where u(t) ∈ �m, x(t) ∈ �m, m, and d(t) ∈ �m, denote the
control signal, system output, the number of input states, and
the external disturbance, respectively. The notations f(x(t))
and g(x(t)) represent smooth nonlinear continuous functions
and they are assumed to be bounded within known limits. The
nominal system is defined as

ẋ(t) = f0(x(t)) + g0u(t) + d(t) (2)

where f0(x(t)) and g0 represent nominal f(x(t)) and g(x(t)),
respectively, and d(t) is the lumped uncertainty. It is assumed
that g0 > 0 and it is also assumed that the nonlinear system of
(2) is controllable and that g−1

o exists. With modeling uncertain-
ties and external disturbances, the nonlinear system (1) can be
written as

ẋ(t) = f0(x(t)) + g0u(t) + l(x(t), t) + d(t)

where l(x(t), t) = Δf(x(t)) + Δg(x(t)) (3)

where Δf(x(t)) and Δg(x(t)) denote the modeling uncertain-
ties of f(x(t)) and g(x(t)). The control problem is to design a
control system where the system output x(t) tracks the desired
trajectory xd(t). The tracking error is defined as

ė(t) = ẋ(t)− ẋd(t) ∈ �m. (4)

The system tracking error vector is defined as

ei
Δ
= [ei(t), ėi(t)]

T . (5)

Substituting (3) in (4), we get

ė(t) = f0(x(t)) + g0u+ l(x(t), t) + d(t)− ẋd(t). (6)

If l(x(t), t) is zero or exactly known, an ideal controller can be
designed as

u∗(t)=g−1
0 [ẋd(t)−f0(x(t))−l(x(t), t)−d(t)−hTe− Ur(t)]

(7)
where h ∈ �m×n is the feedback gain matrix and its values are
chosen to correspond to the coefficients of a Hurwitz polyno-
mial, i.e., a polynomial whose roots lie in the open left half of
the complex plane, so that limt→∞ ||e|| = 0. Here, d is assumed
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Fig. 2. Self organizing BFBEL control structure used for self-
organizing mechanism (highlighted).

to be ||d||1 < Ur, where Ur is the approximation controller that
can compensate for any approximation error and it is calculated
as Ur(t) = (2r2c )

−1(r2c + 1)e(t), where rc is the prescribed
positive attenuation constant. However, uncertainty l(x(t), t),
is nonzero and generally unknown, so an ideal controller is not
practical. A practical BFBEL control is proposed to achieve the
desired control for nonlinear systems with uncertainties.

III. BFBEL CONTROL SYSTEM

The BFBEL control system developed in [18] could adapt
rapidly to control a nonlinear system. The BFBEL control sys-
tem is based on the FNN structure and it is used in this work
for further research. The number of neurons in the controller is
based on the number of fuzzy membership functions assigned
for an input. The controller structure is designed in a way that the
adaptation of an individual neuron weight depends on the firing
strength of its connected fuzzy layer as shown in Fig. 2. Each
fuzzy layer is assigned a range using the Gaussian membership
function and it is called the fuzzy range. The fuzzy range of each
fuzzy layer is predefined based on the expected operating range
of the system. The controller can handle the system if the range
of the controller input is within the boundary of the fuzzy range,
but cannot work if the input is outside the defined fuzzy range.
So designing the fuzzy layer with a specific range is important
but unexpected error values may occur due to external factors
or noise so a self-organizing mechanism that could generate a
new fuzzy layer with an appropriate fuzzy range would greatly
improve the capability of the BFBEL controller and its ease of
use.

The BFBEL control system used in this research is based on
the work in [18] and the structure of the BFBEL control system
that is affected by the proposed self-organizing mechanism is
shown in Fig. 2.

The structure of the BFBEL control system has four stages
as shown in Fig. 2. Each stage of the BFBEL control sys-
tem, namely, sensory input, sensory cortex, amygdala, and or-
bitofrontal cortex network, and output as well as the reward
signal and the weight adaptation laws are defined below.

i = [i1, i2, . . . , ii, . . . , im]T ∈ �m (8)

bij = exp

[
−1

2

(
ii − ςij
σij

)2
]{

for i = 1, 2, . . . ,m
j = 1, 2, . . . , n

(9)

a =

m∑
i=1

n∑
j=1

bijvij ; o =

m∑
i=1

n∑
j=1

bijwij (10)

UBFBEL = a− o; R =

m∑
i=1

(qiii) + (c UBFBEL) (11)

Δvij = α [bij (R− a)] ; Δwij = β [bij (UBFBEL −R)]
(12)

where m is the number of input states, i is input state vector,
ςij is the mean, and σij is the variance of the ith input and the
jth layer. The notations m and n denote the number of inputs
and layers, respectively. The notation vij and wij denotes the
amygdala and the orbitofrontal cortex network weights. The
output of the BFBEL controller is denoted by UBFBEL and the
adaptation laws for amygdala and orbitofrontal cortex weights
are denoted by Δvij and Δwij . The learning rates of the amyg-
dala and orbitofrontal cortex adaptation algorithm, are denoted
by α and β, respectively. The notation R denotes the reward
signal, qi is the gain vector, and c is the gain value of the reward
signal. The weights are updated as vij(t+ 1) = vij(t) + Δvij
and wij(t+ 1) = wij(t) + Δwij .

IV. SO ALGORITHM

The purpose of the SO algorithm presented in this work is
to make the control system perform better trajectory tracking
under disturbance with lower computation cost. The proposed
SO algorithm is designed to maximize the capability of the
controller by allowing the controller to freely alter the operating
fuzzy range whereas it is limited by predefined fuzzy range in the
existing controller in [18]. The proposed SO algorithm creates
new fuzzy layers when the range of existing fuzzy layers does not
cover the system input and deletes the existing fuzzy layers that
are not used. The activation values of the membership functions
are used to determine whether to generate a new layer or delete
an existing layer. The generation of a new layer is based on the
condition given in (13), where genl is the predefined generating
threshold.

if max
i

(bij) < genl then nij(t+ 1) = nij(t) + 1. (13)

If the condition in (13) is met, then the total number of fuzzy
layers is increased, where nij(t) is the number of the existing
fuzzy layers for the ith input at time t and (t+ 1) denotes the
next computation-cycle/iteration. When a new layer is created,
the initial mean, variance and their associated weight values are
assigned as in (14).

ςij(t+ 1) = Ii σij(t+ 1) = σi

vij(t+ 1) = vn wij(t+ 1) = wn. (14)

Here Ii is the value of ith input, σi is the predefined variance
value used for the ith input, vn and wn are the predefined
initial weight values which can be set as either zero, random, or
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predefined values based on the system. The generation of new
fuzzy layers expands the boundary of operation of the BFBEL
controller as required to maintain and improve the control of
the system. On the other hand, unwanted fuzzy layers that are
not active can be deleted to reduce unnecessary computation.
The condition to delete an existing layer is given in (15), where
dell is a predefined deleting threshold. The maximum number of
fuzzy layers are restricted to appropriate numbers so that it does
not create too many layers and the minimum number of fuzzy
layers are set to maintain the smooth control after convergence.
Both these limits are set based on the system.

if min
i
(bij) < dell then nij(t+ 1) = nij(t)− 1. (15)

The layer that satisfies the condition in (15) is deleted along with
its associated neural network weights and the total number of
fuzzy layers are reduced.

The problem formulation and stability of the control system
are similar to the one described in [18] and comply with the
boundary conditions for achieving stability.

A. Intelligent Control and Stability

There exists an optimal BFBEL control U ∗
BFBEL to learn the

ideal controller UI such that

UI = U ∗
BFBEL(i,f i,W

∗
a,W

∗
o) + ε

= a∗ − o∗ + ε

UI = f1laW
∗
a − f2loW

∗
o + ε (16)

f1 = R− a; la = [b11, . . ., bij ]; W a = [v11, . . ., vij ]

f2 = UBFBEL −R; lo=[b11, . . ., bij]; W o = [w11, . . ., wij]

where ε is a minimum reconstructed error, W ∗
a and W ∗

o are the
optimal parameters of W a W o. The control law of the BFBEL
control scheme is assumed to take the following form:

Û = ÛBFBEL((i,f i, Ŵ a, Ŵ o)) = f1laŴ a − f2loŴ o (17)

where Ŵ a and Ŵ o are estimates of the optimal parameters
obtained from the tuning algorithm introduced later. Subtracting
(17) from (16), an approximation error Ũ is defined as

Ũ = UI − Û = f1laW̃ a − f2loW̃ o + ε

Ũ = F1 − F2 + ε (18)

where F1 = f1laW̃ a and F2 = f2loW̃ o.
Theorem 1: Consider the nonlinear system represented by

(2) and if the BFBEL controller is designed as in (17) with the
adaptation laws as in (19a), (19b), (20a), and (20b), then the
convergence of the network parameters and the tracking error of
the proposed BFBEL control system can be assured.

ˆ̇W a = − α(eT f1la)
T (19a)

if (||Ŵ a|| < ba) or (||Ŵ a|| = ba and eT f1laŴ a≥0)

ˆ̇W a = − α(eT f1la)
T + α[eT f1la(Ŵ

T
a Ŵ a/||Ŵ a||2)]T

if (||Ŵ a|| = ba) and (eT f1laŴ a < 0) (19b)

ˆ̇W o = β(eT f2lo)
T (20a)

if (||Ŵ o|| < bo) or (||Ŵ o|| = bo and eT f2loŴ o ≥ 0)

ˆ̇W o = β(eT f2lo)
T − β[eT f2lo(Ŵ

T
o Ŵ o/||Ŵ o||2)]T

if (||Ŵ o|| = bo) and (eT f2loŴ o < 0) (20b)

where ||.|| denotes the Euclidean norm; α and β are the
learning rates; f1 and f2 are the amygdala and orbitofrontal
cortex processing functions which incorporates positive and
negative rewards; ba and bo are the given parameter bounds.
From (19a) and (19b), if the corresponding situations ||Ŵ a|| =
ba and eT f1laŴ a < 0 are met, then the following con-
dition (W ∗

a − Ŵ a)Ŵ
T
a = 0.5(||W ∗

a||2 − ||Ŵ a||2 − ||Ŵ a −
W ∗

a||) < 0 holds because ||W ∗
a|| < ba. This concludes that

Va ≥ 0. Similarly, from (20a) and (20b), if the correspond-
ing situations ||Ŵ o|| = bo and eT f2loŴ o < 0 are met then
the following condition (W ∗

o − Ŵ o)Ŵ
T
o = 0.5(||W ∗

o||2 −
||Ŵ o||2 − ||Ŵ o −W ∗

o||) < 0 holds because ||W ∗
o|| < bo.

This concludes that Vo ≥ 0.
Proof: Denoting V (i(t),f i, W̃ a, W̃ o) as V , define a Lya-

punov function candidate as

V =
1

2
eT g−1

0 e+
1

2α
tr(W̃

T

a W̃ a) +
1

2β
tr(W̃

T

o W̃ o)

V̇ = eT g−1
0 ė− 1

α
tr( ˆ̇W T

a W̃ a)− 1

β
tr( ˆ̇W T

o W̃ o)

V̇ = eT g−1
0 ė−A−O

where A = 1
α tr(

ˆ̇W T
a W̃ a) and O = 1

β tr(
ˆ̇W T

o W̃ o).
By subtracting the system dynamic model in (3) from the

control law in (7), we get ė = −g0Ũ − g0he− g0Ur(t) and by
using (18), we can obtain

V̇ = eT g−1
0 (−g0Ũ − g0h

Te− g0Ur(t))−A−O

= −eT Ũ − eThe− eTUr(t)−A−O

= −eT (F1 − F2 + ε)− eThe− eTUr(t)−A−O

= −eTF1 + eTF2 − eT ε− eThe− eTUr(t)−A−O

=− (
A+ eTF1

)︸ ︷︷ ︸
V a

−(
O − eTF2

)︸ ︷︷ ︸
V o

−eT ε− eThe− eTUr(t)

V̇ = −V a − V o − eT ε− eThe− eTUr(t).

Here, the uncertain term is assumed to be bounded as ||ε||1 < Ur

and V̇ (i(t),f i, W̃ a, W̃ o) ≤ 0, which is a negative semidefinite
function and

V (i(t),f i, W̃ a, W̃ o) < V (i(0),f i, Ŵ a, Ŵ o).

This implies i, f, W̃ a, and W̃ o are bounded. Let function
Bb(t) ≡ −he2 ≤ V̇ , so∫ t

0

Bb(x)dx ≤ V (i(0))− V (i(t)).
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Because V (i(0),f i, W̃ a, W̃ o) is bounded functions,
V (i(t),f i, W̃ a, W̃ o) is a nonincreasing and bounded function
and limt→∞

∫ t

0 Bb(x)dx <∞. According to Lyapunov’s
stability theorem and Barbalat’s lemma, it implies that error
will converge to zero as t→ ∞. Moreover, the parameter
estimation errors W̃ a, W̃ o can be guaranteed to be bounded
in the sense of projection algorithm [32], [33]. This guarantees
the stability of the system.

V. SIMULATION

The simulation is done on a QUAV with nonlinear system
dynamics and the control setup as described in [18]. The QUAV
dynamics equations are written in state space format as [34]

ẋ = f(x) + g(x)U (21)

with x = [x y z ψ θ φ ẋ ẏ ż p q r]T ∈ �12

where x is the state vector of the system and U is the control
signal vector. They are defined as

f(x) =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

ẋ

ẏ

ż

q s(φ)
c(θ) + r c(φ)c(θ)

q(c(φ))− r(s(φ))

p+ q(s(φ)t(θ)) + r(c(φ)t(θ))

0

0

g

qr(Iy − Iz)/Ix

rp(Iz − Ix/Iy

pq(Ix − Iy)/Iz

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

U =

⎛
⎜⎜⎜⎝
U1

U2

U3

U4

⎞
⎟⎟⎟⎠

g1(x) = [0 0 0 0 0 0 g1 g2 g3 0 0 0]T ∈ �12

g2(x) = [0 0 0 0 0 0 0 0 0 (1/Ix) 0 0]T ∈ �12

g3(x) = [0 0 0 0 0 0 0 0 0 0 (1/Iy) 0]
T ∈ �12

g4(x) = [0 0 0 0 0 0 0 0 0 0 0 (1/Iz)]
T ∈ �12

with

⎧⎨
⎩
g1 = − (s(φ)s(ψ) + c(φ)c(ψ)s(θ)) /m
g2 = − (c(ψ)s(φ)− c(φ)s(ψ)s(θ)) /m
g3 = − (c(φ)c(θ)) /m

where m is the mass of the drone, c, s and t denote the sin,
cos, and tan, respectively. The g denotes the acceleration due to
gravity and Ix, Iy , Iz are the moments of inertia with respect to
x, y, z axes, and p, q, r are the angular rates of roll φ, pitch θ
and yaw ψ angles, respectively. The control signals are given as

U1 = (T1 + T2 + T3 + T4) U2 = Tl(T1 − T2 + T3 − T4)

U3 = Tl(T1 + T2 − T3 − T4) U4 = (−Q1+Q2+Q3 −Q4)

where Tl = l sin(45 ◦), l is the distance from the centre of the
quadcopter frame to the centre of the rotor, U1, U2, U3, and
U4 denotes the controller output for altitude (Z-position), roll
(φ), pitch (θ), and yaw (ψ), respectively. The attitude update is

Fig. 3. Position control performance simulation results.

done using the quaternion method as described in [35], [36]. The
nonlinear dynamic equations for the quadrotor dynamics, aero-
dynamics, wind disturbances, and the BFBEL control system
are implemented in Simulink using S-function blocks.

To compare the performance and the efficiency, the parame-
ters of both the BFBEL and the SO-BFBEL controller are set
to be the same. Both the SO-BFBEL controller and the BFBEL
controller learning rates are set the same but the number of fuzzy
layers and fuzzy range are different.

To show the capabilities of the SO algorithm, all the SO-
BFBEL controllers are initialized with zero weights and start
with only one fuzzy layer (nij = 1) with zero mean values (ςij =
0). Also, for the newly generated layers, the initial weight values
are set to zero, i.e., vn = 0 andwn = 0. The generating threshold
(genl) is set to 0.5 and the deleting threshold (dell) is set to
0.3. The maximum number of layers that can be generated is
limited to 5 and the minimum number of layers to maintain after
generation is set to 2.

A combination of cosine and constant signals are set as the
trajectories forX − Y position and a combination of step, cosine
and constant signals are set for the altitude. The output of the
X − Y position controller is set as the reference for roll and
pitch attitudes and yaw is set as 0◦.

The position of the drone is controlled with changing payload
of 225 g under wind disturbance. Wind gusts and turbulence are
generated using Dryden spectra model [37] and a gust generation
block in Simulink. The wind gust is generated with a wind
velocity of 1 m/s with gust amplitude of 5 m/s. The turbulence
is generated with a mean wind velocity of 12m/s. The generated
wind gusts and turbulence are combined as wind disturbance and
they are applied from 25 s for the simulations. The simulation
results for position and attitude control using the BFBEL and
SO-BFBEL control system are shown in Fig. 3. The results show
that both the BFBEL and the proposed SO-BFBEL controller
can adapt swiftly to handle the varying payload under wind
disturbance to obtain precise trajectory tracking. These results
also show that the high wind disturbances create intense vertical
motion along the Z axis and it is effectively controlled by both
the BFBEL and the proposed SO-BFBEL controller where both
the controller adapts to reduce the effects of the wind disturbance
over time. The horizontal drift along the X − Y axes is also
effectively controlled by both controllers.
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The number of layers used by the SO-BFBEL controller for
position and attitude control is shown in Fig. 3. From these
results, it can be seen that the number of layers used for X and
Y position control is just 1 and the layers used for the altitude
control is 3, which is less than the 5 used in the BFBEL controller.

The benefit of this SO algorithm is that it reduces the compu-
tation cost without sacrificing the performance and makes the
controller more capable of handling uncertainties and distur-
bances. Computation time is lower as the value of nij increases
and decreases as required for the SO-BFBEL controller whereas
the number of layers is fixed tonij = 5 for the BFBEL controller.
Another benefit is that unlike the BFBEL controller in [18]
where the fuzzy range needs to be predefined, the SO-BFBEL
controller can be implemented with zero fuzzy range, and it
can generate the range as required, which makes it much more
effective and easy to use.

VI. EXPERIMENTS

To evaluate the performance of the proposed control system, a
quadcopter UAV is made to multiple trajectories under different
scenarios where measurable wind disturbance is applied during
flight. In this section, first the experimental setup used for
experimentation is described, then the experimentation process
is described followed by the experimental results and their
analysis.

A. Experimental Setup

A Quanser Qdrone UAV [38] is used as the test platform
and its total weight is 1.2 kg. An OptiTrack Motion Capture
System (MCS) is used to measure the position and velocity of the
drone. An inertial measurement unit sensor is used to measure
the attitude of the drone. The drone has an onboard computer
with Intel Aero Compute Board Quad-core processor. All the
computation for control is done onboard and the position data
is transmitted through WiFi from the MCS. The experiment is
done using MATLAB Simulink software interface provided by
Quanser.

Two IGMA heavy duty industrial fans [39] are used to gen-
erate wind disturbance as shown in Fig. 1. The average wind
velocity of both fans is measured using an anemometer. The
graph in Fig. 5 shows the average wind velocity measured
by the anemometer at various distances along the (x1, x2, x3),
(y1, y2, y3), and (z1, z2, z3) coordinates from both the fans. The
wind velocity was measured from up to 4.5 m from the fan. The
maximum wind velocity was recorded at the nearest location
to the fan. The wind velocity decreases as the distance from
the fan increases. The maximum wind velocity of the Fan-1
and Fan-2 are 6.8 m/s and 6.5 m/s, respectively. The minimum
wind velocity for Fan-1 and Fan-2 was measured as 3.1 m/s and
1.7 m/s, respectively, at 4.5 m along the (x2, z3) direction. Both
Fan-1 and Fan-2 are placed at 2.5 m from the drone’s hover
position (red cross) as shown in Fig. 4. The circle trajectory is
made with 0.5-m radius and it starts from the hovering point.
The closest and farthest distances between the drone and Fan-2
and Fan-1 are (1.5m and 2m) and (2.5m and 3m), respectively,
for the circle trajectory. The eight shaped trajectory is designed

Fig. 4. Representation of wind disturbance using two fans on the UAV.

Fig. 5. Wind profile of both the industrial fans where (z1, z2, z3) =
(0, 0.5, 1)m.

with 0.5-m amplitude on the X axis and 1-m amplitude on the
Y axis. The closest and the farthest distance between the drone
and Fan-2 and Fan-1 are (1.5 m and 2 m) and (3.5 m and 3 m),
respectively, for the eight shaped trajectories.

Fan-1 is tilted at 88◦ and it is positioned on theY axis to create
wind disturbance on the horizontal plane along theX axis. Fan-2
is tilted at 70◦ and it is positioned on the X axis to create wind
disturbance on an upward slope along the Y axis. The Fan-2
is tilted so that it can produce upward wind to simulate a gust.
Each fan creates enough wind to imitate turbulence and two fans
combined create cross wind. The fans are placed in such a way
that the wind disturbance can be applied in both horizontal and
vertical planes as shown in Fig. 6.

B. Experimentation

For experimentation, the proposed SO-BFBEL and the BF-
BEL controllers are used to control the position of the drone
and a tuned PID controller is used to control the attitude of the
drone. The drone is made to fly under extreme environment to
evaluate the proposed control scheme. We created the two most
common wind disturbance situations for drone flight which are:
1) wind disturbance from one direction or one axis; and 2) wind
disturbance from two directions or two axes, also known as cross
wind. The experiments are done for five scenarios. First is to
fly without any wind disturbance, second is to fly with wind
disturbance on Y axis (only Fan-2), third is to fly with wind
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Fig. 6. Free body diagram showing the direction of the wind distur-
bance applied on the drone.

Fig. 7. Position control comparison for case 1.

disturbance on X axis (only Fan-1), and the last two are to fly
with wind disturbance on both X and Y axis (both fans) for
different flight trajectories.

C. Experimental Results

All the flight test scenarios are done using three controllers,
namely, DNN-MRFT based PID controller [15], [16], [17],
BFBEL controller [18], and the proposed SO-BFBEL controller.

1) Case 1: No Wind Disturbance: In this case, the drone
is made to hover, follow multiple circle trajectories, and hover
again without any wind disturbance. The flight control perfor-
mance of the drone using all three controllers along with their
respective control signals are shown in Fig. 7.

2) Case 2: With Wind Disturbance From Y -Axis (Only
Fan-2): In this case, the drone is made to hover, multiple circle
trajectories, and hover again while wind disturbance is applied
on Y axis using Fan-2. The flight control performance of the
drone using all three controllers along with their respective
control signals are shown in Fig. 8.

3) Case 3: With Wind Disturbance From X-Axis (Only
Fan-1): In this case, the drone is made to hover, follow multiple
circle trajectories and hover again while wind disturbance is ap-
plied on theX axis using Fan-1. The flight control performance

Fig. 8. Position control comparison for case 2.

Fig. 9. Position control comparison for case 3.

Fig. 10. Position control comparison for case 4.

of the drone using all three controllers along with their respective
control signals are shown in Fig. 9.

4) Case 4: With Wind Disturbance From Both X and Y

Axes (Both Fan-1 and Fan-2): In this case, the drone is made
to hover, follow multiple circle trajectories, and hover again
while wind disturbance is applied on both the X and Y axes
using both Fan-1 and Fan-2 at the same time. The flight control
performance of the drone using all three controllers along with
their respective control signals are shown in Fig. 10.

5) Case 5: 3-D—Eight Shape Trajectory Under Wind Dis-
turbance From Both X and Y Axes (Both Fan-1 and Fan-2):
In this case, the drone is made to follow an eight trajectory at
three different speeds on all three axes under wind disturbance
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Fig. 11. Position control comparison for case 5.

Fig. 12. 3-D plot of position control for case 5 where red is reference
and blue is actual trajectory.

Fig. 13. Number of fuzzy layers used for cases 1–4.

from both the fans. The eight trajectories are designed to be
completed in a specific time. The first eight trajectory is designed
to be completed in 25 s, the second in 15 s, and the last one
in 10 s. The flight control performance of the drone using all
three controllers along with their respective control signals are
shown in Fig. 11. The 3-D plot of the position control for case
5 results is shown in Fig. 12 for a 3-D representation of the
results.

6) Number of Fuzzy Layers Used in SO-BFBEL for All
Cases: The number of fuzzy layers and neural connection for
SO-BFBEL during the flight for cases 1–4 are shown in Fig. 13
and case 5 is shown in Fig. 14.

Fig. 14. Number of fuzzy layers used for case 5.

TABLE I
RMSE AND EXECUTION TIME COMPARISON

D. Analysis of the Experimental Results for All Five
Cases

The performance of all three controllers is quantified in terms
of root-mean-square-error (RMSE) and it is shown in Table I.
The flight time is clipped exactly for all the controllers for
the first four cases to calculate the absolute RMSE values for
comparison. For case 1, the flight time is clipped at 10 s before
and after the multiple circle trajectories to highlight the hovering
and trajectory tracking performance. As for cases 2,3, and 4,
the flight time is clipped at 20 s before and after the multi-
ple circle trajectories to highlight the hovering and trajectory
tracking performance for various scenarios of wind disturbance.
The computation time is measured for the specified flight time
and its average is used for comparison. For case 5, the flight
time for all three eight-shaped trajectories are manually clipped
for calculating the RMSE and computation time for all three
controllers as the hovering time between each speed setting is
different for each controller due to manual switching.
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In case 1, all three controllers are applied to control the drone
to follow a trajectory. The trajectory for X and Y positions
are set to hover and follow multiple circle trajectories and hover
again, whereas theZ position (altitude) is set to hover constantly.
This flight test is done with no external wind disturbance and
this scenario is made to see the difference in the performance
of the controllers without any disturbance and to use it as a
benchmark to compare with other scenarios. It can be seen from
Table I that the performance of the DNN-MRFT based PID is
slightly better than both BFBEL and the proposed SO-BFBEL
by very tiny margin. This is because the DNN was trained and the
MRFT was used to calibrate the controller gain values for this
situation before the flight test. On the other hand, both BFBEL
and the proposed SO-BFBEL were not pretrained for the test and
both the controllers showed remarkable real-time adaptation and
achieved convergence within a short span of time, and performed
the trajectory tracking continuously. The most notable part is that
the performance of both BFBEL and SO-BFBEL are very close
to a DNN-MRFT based PID even though they were adapting
from zero initial weights and the difference in performance is
roughly 1 mm for all axes.

The control signal of all three controllers follow a similar
pattern since they track the same trajectory, but there is a no-
ticeable difference in the magnitude of the control signals. The
PID control signal is twice the value of the proposed SO-BFBEL
controller when there is a sudden change in the trajectory and it
can be seen at 75 s compared to the SO-BFBEL shown in Fig. 7
at 85 s. Those are the exact time when the circle trajectory ends
and the impact of sudden stops affect the Z position (altitude).
The shift in drone motion using the PID controller was notice-
ably sudden compared to the other two controllers. The PID
values obtained using the DNN-MRFT were designed to give
the best performance leading to somewhat aggressive controller
response. On the other hand, both BFBEL and SO-BFBEL con-
trollers have much smoother responses without compromising
performance.

In case 2, Fan-2 is used to apply wind disturbance along the
Y axis. This fan is tilted at 70◦ to apply wind in an upward slope
(bottom to top) along the Y axis. The area of wind coverage for
Fan-2 is quite large and it circulates the wind inside the entire
lab measuring 5× 4.5 m. The direction of the wind disturbance
affects the X − Y position and causes drift along the X − Y
axes and since the wind has an upward direction it affects the
drone along the Z axis as well. From case 2 results, it can be
seen that both BFBEL and SO-BFBEL controllers have much
better performance under wind disturbance for both X and Y
positions, and the PID controller edges slightly better in the
Z position. The performance of both BFBEL and SO-BFBEL
controllers are better than the PID controller by a wide margin of
2 cm forX position and more than 1 cm for Y position whereas
PID leads in the Z axis by 1.5 mm compared to the SO-BFBEL
and 4.3 mm compared to the BFBEL controller.

The impact of both the BFBEL and SO-BFBEL controller’s
adaptation can be seen on both X and Y position since they are
not affected by a larger disturbance and their ability to adapt
quickly to the disturbance achieves position tracking perfor-
mance better than case 1 (no wind disturbance) for both X and

Y position. As for the performance of the altitude control, it
can be seen from Fig. 13 that the number of layers used for
Z position control by SO-BFBEL did not change much and
remained almost the same for both the Z control inputs. This
is because the error margin of the Z position did not exceed
the predefined threshold to create or delete a new layer thus
remaining the same. This effectively means that the altitude
control is done using two fuzzy layers but it still performs better
than the BFBEL controller which is operating with five fuzzy
layers for each input. This is because the SO-BFBEL chooses
a better fuzzy range that will be active all the time whereas the
manually predefined five fuzzy layers of the BFBEL controller
may not be active all the time which highlights the practical
advantage of the self-organizing mechanism.

In case 3, Fan-1 is used to apply wind disturbance along the
X axis. Fan-1 is slightly bigger and more powerful than Fan-2
and its area of wind coverage is greater than Fan-2. From case
3 results, it can be seen that the proposed SO-BFBEL and the
BFBEL controller can effectively maintain the X − Y position
trajectory performance even under the severe wind disturbance
compared to the PID controller. Here, both the SO-BFBEL and
BFBEL controller perform better than the PID controller by a
wide margin of 1.8 cm forX position and 1.15 cm forY position.
Here, the Z position performance of BFBEL controller is worse
by a bigger margin than case 2 due to a wider predefined fuzzy
range where more fuzzy layers are inactive and the active ones
are not producing enough firing strength for the networks to
adapt to smaller error. This is due to the lower error sensitivity
that was predefined, but this problem does not affect the SO-
BFBEL controller to such an extent since it gives consistent
performance despite having the same issue from the predefined
threshold. Similar to case 2, the number of active fuzzy layers
for the SO-BFBEL controller shown in Fig. 13 is not changing
as the error threshold for creating or deleting a new layer is not
met, but this can be adjusted by narrowing the error threshold to
create or delete fuzzy layers.

In case 4, both Fan-1 and Fan-2 are used to apply wind distur-
bance along bothX − Y axes. Here the entire lab is quite windy
and there was a large amount of cross wind from all directions as
the wind was circulating inside the lab. This scenario replicates
the windy outdoor environment more appropriately where the
wind direction and speed are entirely random. From case 4
results, it is can be seen that both the BFBEL and the SO-BFBEL
controllers perform consistently better than the DNN-MRFT
based PID controller for bothX − Y axes and the PID controller
edging slightly better at Z position as explained in case 2 and 3.

In case 5, it can be seen that the drone performs in three
eight-shaped trajectories in all three axes with extreme wind
disturbance from both Fan-1 and Fan-2. In this case, both
the fuzzy range of the BFBEL controller and the fuzzy layer
generation and deletion threshold is modified to analyze the
performance of these two controllers further. The drone is set
to hover while both the fans are turned-ON to apply the wind
disturbance. It is then made to perform its first, second and third
3-D eight-shaped trajectory with trajectory time of 25 s, 15 s, and
10 s, respectively. This flight test is different from the cases 2–4
as the drone is set to continuously move between extreme wind
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(turbulent) and low wind (gust) as it moves towards and away
from both the fans. In addition to that, the altitude of the drone
is set to vary continuously to test the performance of the altitude
controller even further. In this case, for all three controllers, the
reference trajectory vary slightly as the reference trajectory is
created based on the current position of the drone and this is
done to smoothen the trajectory and for safety.

From the results of case 5, it can be seen in Fig. 11 that there is
a noticeable difference in the performance of X position control
between the PID and the SO-BFBEL controller whereas the
difference in both Y − Z axes are not too noticeable. To give a
holistic perspective of the results, it is plotted in a 3-D plot as is
shown in Fig. 12. In the 3-D plot, it has to be noted that Fan-2
and Fan-1 are placed exactly in the position whereX and Y are
labelled in the X − Y axis ((0,0) on the axes scale). The drone
moves closer to both the fans when the Y -axis trajectory goes
below 0. The drone flies right above Fan-2 when the X-axis
trajectory is at 0 while the Y-axis trajectory is at −1, i.e., at
(0,−1).

In the 3-D plot, it can be seen that the performance of
the DNN-MRFT based PID is significantly affected when it
passes through the (0,−1) coordinates as the effect of wind
disturbance is quite high (turbulent) at that point whereas the
performance of both the BFBEL and the SO-BFBEL controller
is way better. Between these two, it can be seen that the trajectory
tracking of the SO-BFBEL controller is more smooth and close
to the reference trajectory (accurate) at all times compared to
the BFBEL controller. Likewise, the performance of the DNN
MRFT based PID controller gets significantly affected again
by the wind disturbance from both fans around the (0.5,1)
coordinate where a significant gust effect occurs due to the
angle of Fan-2 (upward projection) and due to chaotic wind
circulation inside the flight test area. It can be clearly seen that the
BFBEL controller has little effect and the proposed SO-BFBEL
controller has almost no effect in the same region compared to
the DNN-MRFT based PID controller. This demonstrates the
rapid adaptation capability of the SO-BFBEL controller due to
the SO algorithm that is creating the most accurate fuzzy layers
required to perform accurate trajectory tracking response, even
if the drone transitions between both highly turbulent and gusty
wind environment.

From the results of all the five cases above, it can be observed
that when the wind disturbance is applied on either X or Y
or both axes, there is a slight steady-state error with the DNN-
MRFT based PID in X position while hovering whereas there
is no steady-state error for both the BFBEL controller and the
SO-BFBEL controller. The steady-state error in PID can easily
be fixed by increasing the integral gain, but it was left unchanged
since it was not present without the disturbance and to show the
difference when it is under wind disturbance. The control signal
response from all three controllers is consistent for all the cases
and it can be seen that the PID controller produces a much greater
control signal than the proposed SO-BFBEL controller for all the
cases. The proposed SO-BFBEL controller also demonstrates
effectively less computation time than the BFBEL controller
for all the cases and improves the overall performance as
well.

The effects of the model-based offline tuning can be seen in
the performance of the PID controller in case 1 where it performs
well in an ideal scenario without wind disturbance, but that is
not the case when wind disturbance is applied. Whereas, the
SO-BFBEL controller adapts to handle both the uncertainties
and the wind disturbance in real-time without depending on the
model which highlights its practical usability for all the cases.

From Fig. 13, it can be seen that the number of fuzzy layers
and neural network keep changing during flight to reduce the
computation cost and uses less neural networks weights to get
similar or better performance than the BFBEL controller for
case 1− 4. From Fig. 14, it can be seen that the frequency
of the fuzzy layer generation-deletion is decreased for both
X − Y controllers as the generation-deletion threshold value
was increased slightly. Likewise, the frequency of the fuzzy
layer generation-deletion is increased for the Z controller as
the generation-deletion threshold value was decreased slightly.
The BFBEL controller uses five fuzzy layers (n1j = n2j = 5)
for all three position controllers for all the scenarios whereas the
proposed SO-BFBEL controller starts with only one fuzzy layer
(n1j = n2j = 1) and it starts to change during flight. In all these
tests, the minimum number of fuzzy layers is set to two (after it
increases) and the maximum is set to five and the SO algorithm
adapts accordingly.

VII. DISCUSSION

It is observed that the PID controller gain values obtained
using the DNN-MRFT approach performed better than the trial
and error approach. This approach lacks real-time adaptation to
changes in the system or environment since the DNN-MRFT is
an offline approach. This can be addressed if there is a mecha-
nism to update the PID gain values to changes or disturbances
in real-time. On the other, both the BFBEL and the SO-BFBEL
controller are nonmodel based and they can be applied without
any data based offline training or requiring the system model
which makes it more suitable and practical for applications
where uncertainties are common as in the case of UAV flight
tracking. The overall performance of the BFBEL controller can
be improved by modifying the fuzzy range to be more precise
and appropriate for the situation but this needs to be done by
carefully analyzing the input states (error and velocity) for those
situations which require expert knowledge. This is addressed
by the proposed SO mechanism where the exact fuzzy range
is created in real-time and they are also deleted if they get
redundant or useless in real-time. Thus, the proposed mechanism
is improving the performance of the controller without manual
intervention.

VIII. CONCLUSION

In this work, a novel SO-BFBEL control system was devel-
oped to control a drone (QUAV). The developed SO-BFBEL
controller is not limited by a predefined operating range and
it effectively lowers the computational time during operation.
Simulation results demonstrate the superior performance of the
proposed SO-BFBEL controller with payload change during
flight under severe wind disturbance of 12 m/s with lower
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computation time. The experimental analysis under wind distur-
bance of 5 m/s using two industrial fans demonstrates the better
performance and computation time of the proposed SO-BFBEL
controller compared to the BFBEL and the DNN-MRFT based
PID controller. The self-organizing feature increases the oper-
ating range of the system in real-time and it will be beneficial
if the input error range goes beyond the expected/predefined
range due to uncertainties. In addition, it also creates the most
accurate fuzzy layer in real-time to improve the performance of
the drone under extreme wind disturbance. The self-organizing
feature is demonstrated to generate and delete layers as required
in real-time to maintain optimal performance and computation
cost. The developed SO algorithm can be extended to other fuzzy
neural network-based control systems.

IX. REMARKS

The DNN-MRFT based PID controller performs well un-
der ideal circumstances without wind disturbance since it was
trained and tuned for that environment but its performance
deteriorates when it is subjected to wind disturbance. On the
other hand, both the BFBEL and the SO-BFBEL controllers
get better over time especially under disturbances since they
actively adapt in real-time, which makes them ideal for use
in uncertain environments. This can be further improved by
creating a mechanism to adapt the learning rates in real-time
or using an offline optimization technique to get the optimal
learning rates before the flight.
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