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Abstract
In this work, we perform non-linear system identi-
fication by means of the Takagi-Sugeno (TS) fuzzy
logic technique for the lateral, longitudinal, and
vertical dynamics of the AR.Drone quadcopter.
We derive the multi-input multi-output (MIMO)
fuzzy models of the inner (attitude) loop control
systems. Throughout extensive numerical simu-
lations, we validate the accuracy of the proposed
TS fuzzy models and compare them with respect
to the performance of the model-based linear sys-
tem identification technique. This paper serves
as our preliminary study towards our long term
goal in developing robust autopilot systems for the
AR.Drone quadcopter using fuzzy models, which
have many advantages over traditional system iden-
tification techniques (e.g. simplicity despite being
non-linear, transparency, and the ability to accom-
modate ambiguity).

1 Introduction
The availability of accurate mathematical models plays an
important role in determining the performance of model-
based control systems [Liu et al., 2015], [Santoso et al.,
2008], [Santoso et al., 2015]. Although numerous model-
based system identification techniques have been proposed
in the literature (e.g. LTI and LTV ARX [Sanandaji et al.,
2011], ARMAX [Chen, 2010], hybrid [Zymnis et al., 2013],
to name a few); many physical systems are way too complex
(e.g. due to strong non-linearity as a result of chaos, multiple
stability, aperiodic oscillation and time-varying characteris-
tics) to be accurately modelled using linear system identifica-
tion techniques. While precise physical models do not exist
for many complex systems, large input-output dynamics data
can be collected, indicating the suitability of data-driven in-
telligent systems (e.g., fuzzy logic systems and artificial neu-
ral networks) [Zhang, 2011] for the identification of complex
dynamical systems.

Introduced by Zadeh in [Zadeh, 1973] and [Zadeh, 1985],
fuzzy rule-based systems have been widely known as a ro-

bust universal approximator, allowing any systems to be rep-
resented in the form of their fuzzy linguistic ‘If-Then’ rules.
This leads to many advantages of fuzzy logic techniques,
compared to neural network counterparts, or other black-box
identification techniques. Since fuzzy systems are human-
interpretable, they allow for a deeper insight into the nature
of the uncertainty [Zhang, 2011], even from the stand point
of non-expert users (e.g. average drone operators). In re-
gards to their transparency, non-expert users should be able
to directly comprehend the characteristics of fuzzy systems
by examining their associated rule-base, provided their rules
are sufficiently small and simple [Zhang, 2011].

Figure 1: Our AR.Drone Quadcopter flies in an outdoor environ-
ment. The notations of [ϕ θ ψ ]T indicate the attitude of the drone
that can give the rotation of the rigid body across the [x y z]T direc-
tions.

Robotic aircraft have become an integral part of modern
people’s lives, starting from agriculture monitoring, border
protection, search-and-rescue, 3D inspection, forest monitor-
ing, law enforcement, surveillance, border protection, etc. To
successfully achieve their challenging missions in cluttered
environments (e.g. indoor building or urban area), it is essen-
tial to develop robust autopilot systems to perform automatic
take off, hover, and landing. As a family of the vertical take
off and landing (VTOL) aircraft, the quadcopter drones have
several advantages over the conventional helicopter of simi-
lar size due to their mechanical simplicity of the fixed pitch
blades in the absence of swash plates, and smaller blade di-



ameters since the systems employ four propellers, instead of
only two. Also, lower kinetic energy of each blade will make
it safer for human-machine interactions [Martin, 2012].

We employ the Parrot AR.Drone quadcopter as our re-
search platform (see Fig. 1) because of its simplicity and
practicality. The system can be easily programmed using sev-
eral well-established computing platforms, such as the Robot
Operating System (ROS) and the Paparazzi UAV. The drone
is equipped with two cameras: a forward looking and a down-
ward looking, in addition to an ultrasound telemetry sensor,
located below the central hull for altitude measurements. The
system is equipped with a six degree-of-freedom MEMS-
based Inertial Measurement Unit (IMU) to stabilise its pitch,
roll, and yaw, and to assist with the tilting control.

Considering the governing physical laws (i.e Newton-Euler
mechanical principles), the dynamics of the quadcopter drone
is highly non-linear [Martin, 2012]. Besides, the system
also suffers from mass and inertial sensitivity issues [Mar-
tin, 2012]. Thus, developing highly accurate mathematical
models that can comprehensively represent the dynamics of
quadcopter drones over a wide range of operational points is
not a trivial process.

Previous work on modelling the dynamics of the quad-
copter drones can be found in [Martin, 2012], [Salameh et
al., 2015], [Nemati and Kumar, 2014], [Falcon et al., 2013],
where the authors employed linear system identification to
study their dynamics. To the best of our knowledge, there has
not been any research papers in the literature, depicting com-
prehensive fuzzy models of any quadcopter platforms to date.
This fact indicates that most researchers still heavily focus
on traditional mathematical modelling techniques in terms of
transfer functions or state space models. Since conventional
mathematical models fail to accommodate the concept of am-
biguity, we are motivated to derive the fuzzy models of the
AR.Drone quadcopter. This work serves as our preliminary
study towards the development of robust and optimal autopi-
lot systems using fuzzy models.

The rest of this paper is organised as follows. While Sec-
tion II depicts the fundamental theory of the Takagi-Sugeno
(TS) fuzzy systems, Section III elaborates the lateral, longi-
tudinal and vertical flight dynamics of the AR.Drone Quad-
copter, including the MIMO transfer function of its attitude
loop. Section IV presents the development of comprehensive
Takagi-Sugeno fuzzy models of the AR.Drone quadcopter,
while Section V concludes this paper.

2 Theoretical Framework of the
Takagi-Sugeno Fuzzy Modelling

General reasoning process of the fuzzy inference systems
comprises of several important steps, as seen in Fig. 2. The
first step is fuzzification which is intended to transform crisp
inputs (measurement inputs by sensor) into the fuzzy inputs.
Defuzzification, on the other hand, is the process of trans-
forming fuzzy set and its corresponding membership degree

into crisp logic. Fuzzy Inference Systems (FIS) will match up
the information obtained from crisp input with its knowledge
based ‘if-then’ rules to obtain the fuzzy set output before the
system can proceed through the defuzification process.

Figure 2: Block diagram of the Fuzzy Inference System (FIS),
comprising of three main steps: fuzzification, rule database, and de-
fuzzification.

The Takagi-Sugeno (TS) fuzzy models have been widely
implemented to model the nonlinear dynamics by interpolat-
ing between local linear time-invariant (LTI) models [Takagi
and Sugeno, 1985]. In this Section, we will recall the princi-
ple of the Takagi-Sugeno fuzzy logic technique to model the
dynamics of the AR.Drone quadcopter.

In the TS fuzzy system, the knowledge is manifested in
a set of linguistic rules (fuzzy implications) in the con-
junctive format as follows: R1: If x1

1 is A1... ∧... (xk is
A1

k) then y = p1
0 + p1

1 · xi + ...+ p1
k · xk up to Rn: If x1 is

An
1...∧ ...xk is An

k then y = pn
0 + pn

1 · x1 + ...+ pn
k · xk. This

leads to r-dimensional fuzzy set An
k with kth row in U:

∀(k,n) µAn(xk) = maxn′=1,...,d {ukn′ ∈ U : x
′
n = xn}, where

ukn ∈ U, k = 1,2, ...,c; n = 1,2, ...,d.
To acquire a proper fuzzy model, one needs to identify

some parameters, using input and output experimental data,
listed as follows. The first parameter is the system’s (an-
tecedent) variables x1, ...,xk, ∀k, making up the premises of
implication. The second parameter is the membership func-
tion, A1, ...,An

k , ∀(k,n) and the last one is the consequence y
and the parameters in it pn

0, ..., pn
k , ∀(k, n).

Accordingly, the output y given input x1, ...,xk can be cal-
culated as follows:

y =
∑n

i=1(A
i
1(x1)∧ ...∧Ai

n(xn)) · (pi
0 + pi

1x1 + ...+ pi
kxk)

∑n
i=1(A

i
1(x1)∧ ...∧Ai

n(xn))
(1)

Given βi as follows:

βi =
Ai

1(x1)∧ ...∧Ai
n(xn)

∑n
i=1(A

i
1(x1)∧ ...∧Ai

n(xn))
, (2)

Considering (2), (1) can be rewritten as follows:

y =
n

∑
i

βi(p1
0 + pi

1x1 + ...+ pi
kxk) (3)

Let Y = [y1, ...,ym]
T , P =

[p1
0, ..., pn

0, p1
1, ..., pn

1, ..., p1
k , ..., pn

k ]
T , and βi j =



Ai1(x1 j)∧...∧Aik(xk j)

∑ j Ai1(xi1)∧...∧Aik(xk j)
, then vector P can be calculated us-

ing the following least square identification method:

P = (XT X)−1XT Y, (4)

where

X =


ϕ11 ϕ12...ϕn1 m11ϕ11...m11ϕ11...mr1ϕ11...mr1ϕn1
ϕ12 ϕ22...ϕn2 m12ϕ12...m11ϕ12...mr2ϕ12...mr2ϕn2

...
...

...
ϕ1d ϕ2d ...ϕnd m1dϕ1d ...m1dϕ2d ...mrdϕ1d ...mrdϕnd


and

ϕi j =
µAi1x1 j ∧ ...∧µAir(xr j)

∑k µAk1(xk j)∧ ...∧µAkrxr j
. (5)

Given (1)-(5), we can rewrite the TS fuzzy in its quasilin-
ear model as follows:

yi = aT
i (x)+b(x). (6)

Moreover, the degree of fulfillment of (6), known as the ‘fir-
ing strength,’ can be defined as the degree to which the an-
tecedent point of a fuzzy rule is satisfied. Mathematically, it
can be formulated as follows:

βi(x) = µAi1(x1)∧µAi2(x2)∧ ...∧µAir(xr). (7)

One major advantage of employing this method is due to its
ability to represent highly non-linear dynamics as in the case
of our AR.Drone quadcopter, despite being transparent and
straight-forward, especially from the point-of-view of lay per-
sons, such as the average drone operators. Compared to the
Mamdani fuzzy, the TS fuzzy is more computationally ef-
ficient, making it suitable for modelling, optimisation, and
adaptive tasks; in addition to its ability to guarantee the con-
tinuity of the output surface.

3 The Dynamics of the AR.Drone Quadcopter
In this Section, we will discuss the dynamics of our quad-
copter drone. To comprehensively understand its behaviours,
we will first discuss its dynamics derived from first principle,
as earlier discussed in [Michael et al., 2010], [Martin, 2012].

We employ the Newton-Euler equations to describe the dy-
namics of the AR.Drone quadcopter. To do so, there are sev-
eral assumptions to be satified as follows. We first assume
that the body and the blades are rigid. Secondly, aerodynamic
drag of the fuselage is negligible since the drone is restricted
to low-speed flight. Next, the effect of the gyroscopic torque
of the spinning rotors is also insignificant under an assump-
tion that the aircraft rotates slowly. We also assume there is
no significant ground effect given the quadcopter flies suffi-
ciently high above the ground level. Lastly, we assume that
the system is symmetrical across its lateral and longitudinal
axes.

Accordingly, the differential equations representing the
translational dynamics of the rigid body of the AR.Drone2
quadcopter can be described in (8) and (9) as follows:

m

 ẍ
ÿ
z̈

=

∑kF ω2
i (cosψ sinθ + cosθ sinϕ sinψ)

∑kF ω2
i (sinψ sinθ − cosψ cosθ sinϕ)
∑kF ω2

i (cosϕ cosθ)−mg

 , (8)

where m denotes the mass of the system, ẍ, ÿ, z̈ represent the
second derivative of the (x,y,z) position, [ϕ ,θ ,ψ ]T indicate
the attitude (roll, pitch and yaw) of the system, kF depicts the
motor and force constant, which are assumed to be identical,
ωi denotes the angular velocity of i-motor, and g represents
the gravity constant.

Furthermore, its rotational dynamics can be presented as
follows:  Ixx ṗ

Iyyq̇
Izzṙ

=

 lkF(ω2
2 −ω2

4 )
lkF(ω2

3 −ω2
1 )

kM(ω2
1 −ω2

2 +ω2
3 −ω2

4 ),

 , (9)

where Ixx, Iyy, and Izz denotes second moment, which rep-
resents the rational inertia across (x,y,z)-axes, kM represents
the moment constant, and l represents the distance between
the motor to the centre of the quadcopter.

Furthermore, we will discuss the inner loop (attitude) dy-
namics of the AR.Drone quadcopter in the form of transfer
function, which will be subsequently converted into the TS
fuzzy models. Within our research group, earlier study on the
modelling and control of the AR.Drone quadcopter was re-
ported in [Martin, 2012], where the author employed linear
system identification technique to derive the MIMO transfer
function of the plant with accuracy beyond 90 % for attitude
less than 30 deg.

The acquired transfer functions in [Martin, 2012] were sub-
sequently employed in [Santoso et al., 2015] to design a fuzzy
self-tuning autopilot to improve the trajectory tracking perfor-
mance of the same drone. Another research outcome, within
our research group, can be found in [Santoso et al., 2016],
where the authors employed the Adaptive Neuro Fuzzy Sys-
tem Identification (ANFIS) technique to study the dynamics
of the same quadcopter.

The block diagram, showing the input-output signal flow
for both lateral and longitudinal loops, are given in Fig. 3. As
can be seen, while pitch θ can be used to control vx, roll ϕ
can be used to control vy. Meanwhile, throttle can be used to
control the vertical velocity vz of the drone. However, apply-
ing θ and ϕ will lead to some undesirable effects, known as
the secondary effects, which can cause a significant altitude
drop.

The six degree-of-freedom of the system
can be represented using 12 states as follows:
[px py pz ṗx ṗy ṗz ϕ θ ψ ϕ̇ θ̇ ψ̇]T , where p = [px py pz]

T

indicates the coordinate position of the quadcopter,
v = [ṗx ṗy ṗz]

T denotes its linear velocities. Mean-



Figure 3: Non linear multi-input, multi-output (MIMO) inner loop
(attitude) dynamics. Control input vector is given by [θin ϕin vzin ]

T ,
while the output controlled variables are [vx vy vz]

T and the external
disturbance vector (e.g. wind gusts) is represented by [d1 d2 d3]

T .

while, [ϕ θ ψ]T represents a vector of angular positions,
where its angular velocities are given by ω = [ϕ̇ θ̇ ψ̇]T .

To explore the dynamics of the AR.Drone quadcopter
drone, we recall the transfer functions of the inner (attitude)
loop, derived from [Martin, 2012] using experimental flight
data. The transfer function of the longitudinal (pitch) loop is
given by [Martin, 2012]:

Gx(s) =
vx(s)
θin(s)

=
0.7995

s2 +4.1881s+7.1429
. (10)

The transfer function in (10) has complex conjugate poles at
s1,2 = −2.0941± 1.6607i with a damping factor ζ = 0.784
and a natural frequency of ωn = 2.67rad/s.

The transfer function of the roll loop is given by [Martin,
2012]:

Gy(s) =
vy(s)
ϕin(s)

=
116.24s+67.2488

1000s2 +982.664s+301.338
. (11)

The transfer function in (11) has complex conjugate poles
at s1,2 = −0.491 ± 0.245i that give ζ = 0.895 and ωn =
0.549rad/s.

The transfer function of the vertical velocity is given by
[Martin, 2012]:

Gz(s)=
vz(s)

vzin(s)
=

17.6902s2 +37.7142s+422.62
s4 +11.6091s3 +68.394s2 +257s+684.244

.

(12)
The transfer function in (12) has two pairs of complex con-
jugate poles at s1,2 = −5.1± 2.73i that give ζ = 0.882 and
ωn = 5.78rad/s as well as s3,4 = −0.705± 4.48i with ζ =
0.155 and ωn = 4.54rad/s.

While the vertical motion can be achieved by increasing
the speed of all four motors simultaneously, pitch and roll
can be achieved by changing the speed of opposing rotors.

Meanwhile, speed difference for motors spinning in opposite
direction can cause yaw movement. Thus, the inputs can be
defined as sums and differences in rotor speeds.

The inner (attitude) loop is set fixed by the manufacturer
for safety reason, while the outer loop (for position and ve-
locity control) can be easily reprogrammed using Robot Op-
erating System (ROS), under Ubuntu platform, which is not
only easy to use but also being adaptable [Kerr and Nickels,
2012]. Our flight test facility employs 16 VICON motion cap-
ture cameras, acting as a virtual indoor GPS, to give accurate
coordinate information about the position and attitude of the
drone with sub-millimetre accuracy. By deriving the fuzzy
models of the inner (attitude) loop, one can employ them to
design high performance autopilot systems, such as for posi-
tion and velocity control systems.

4 Fuzzy System Identification
In this Section, we will derive the TS fuzzy models of the lat-
eral, longitudinal, and vertical loops of the AR.Drone quad-
copter. We employ a set of sinusoidal signals with multiple
frequency components, mimicking the the Dryden Wind Tur-
bulence Model ([Gage, 2003] and [Hoblit, 1998]). Thus, we
define our input training signal as follows:

ut(t) = sin0.1t+sin0.2t+sin0.3t+sin0.4t+sin0.5t, (13)

where t = kT , T = 0.01s, and k = 0,1,2...
To validate our fuzzy models, we remove one high fre-

quency component signal, so that the final form of the val-
idation signal uv will become as follows:

uv(t) = sin0.1t + sin0.2t + sin0.3t + sin0.4t. (14)

We will compare the accuracy of our TS fuzzy models with
respect to the performance of the linear transfer function as
depicted in (10), (11), and (12), obtained from linear system
identification technique.

4.1 Longitudinal (Pitch) Loop: θin to vx

Firstly, the proposed fuzzy model of the longitudinal loop,
employing seven Gaussian membership functions, can be de-
picted in Fig. 4a. The output-specific information of the pro-
posed model in the form of the fuzzy linguistic ‘If-then’ rules
are given in Table 1, where u ∈ R indicates the input vectors,
obtained from measurement data, and A1,..,7 denotes the fuzzy
membership functions as depicted in Fig. 4a. Meanwhile, the
parameters of the fuzzy membership functions (e.g. cluster
centres and consequents) are given in Table 2.

The estimated output of the proposed TS fuzzy model, with
respect to the pitch transfer function in (10), for the same
validation signal θin in (14) is given in Fig. 4b. This clearly
indicates a reasonably high modelling accuracy as those two
curves are quite identical to each other. Meanwhile, the time
domain discrepancy between those two signals, denoted by ex
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Figure 4: Fuzzy model of the longitudinal loop: (a) Membership
functions (first row, left), (b) Accuracy of the proposed model (first
row, right), (c) Modelling Error (second row, left) (d) the I/O signals
in time domain (second row, right), (e) Static comparison (third row,
left): the I/O identification signals (blue) vs. the characteristics of
our fuzzy model (pink), (f) Output of individual rules (third row,
right), (g) and (h) Degree of fulfillment (last row).

Table 1: Output-specific information of the fuzzy model of
the longitudinal loop.

1 If u Is A1 Then y = 1.0 ·10e−1u−2.2 ·10e−2

2 If u Is A2 Then y = 9.7 ·10e−2u−1.1 ·10e−2

3 If u Is A3 Then y = 2.8 ·10e−1u+7.4 ·10e−2

4 If u Is A4 Then y =−8.1 ·10e−2u−6.3 ·10e−2

5 If u Is A5 Then y = 1.7 ·10e−1u−3.3 ·10e−2

6 If u Is A6 Then y = 2.6 ·10e−2u+1.5 ·10e−1

7 If u Is A7 Then y = 2.5 ·10e−2u+3.7 ·10e−1

Table 2: Parameters of the membership functions of the fuzzy
model of the longitudinal loop.

Rule# Consequent Offset Centre of Cluster
1. 1.0 ·10e−1 −2.2 ·10e−2 −2.9 ·10e+

2. 9.7 ·10e−2 −1.1 ·10e−2 −5.1 ·10e−1

3. 2.8 ·10e−1 7.4 ·10e−2 6.3 ·10e−2

4. −8.1 ·10e−2 −6.3 ·10e−2 1.9 ·10e−1

5. 1.7 ·10e−1 −3.3 ·10e−2 6.2 ·10e−1

6. 2.6 ·10e−2 1.5 ·10e−1 2.2 ·10e+

7. 2.5 ·10e−2 3.7 ·10e−1 3.7 ·10e+

is given in Fig. 4c, indicating a reasonably small root mean
square error (RMSE) of 0.028 m/s.

The input and output signal, used for identification, is given
in Fig. 4d, while the comparison of the fuzzy I/O character-
istics of the acquired model with respect to the signals can be
found in Fig. 4e. The output of individual fuzzy rule, indi-
cating a measure to which the rule matches the inputs of each
rule in each sampling time k is illustrated in Fig. 4f, while the
degree of fulfillment as in (7) is presented in Figs. 4g and h.
Details about the membership functions in terms of the con-
sequents and the centres of the clusters can be found in Table
2.

4.2 Lateral (Roll) Loop: ϕin to vy

The proposed fuzzy model of the lateral loop can be described
in Fig. 5. Likewise, each Gaussian membership function is
unsymmetrical and its centre and offset are given in Table 4.
Meanwhile, the output-specific information of the proposed
model in the form of the fuzzy linguistic ‘If-then’ rules are
given in Table 3, where u ∈ R indicates the input vectors ob-
tained from measurement data, A1,..,7 denotes the fuzzy mem-
bership functions as depicted in Fig. 5a.

The estimated output of the proposed TS fuzzy model, with
respect to the roll transfer function in (11), for the same val-
idation signal ϕin in (14), is given in Fig. 4b. This clearly
indicates a reasonably high modelling accuracy as those two
curves are quite identical to each other. Meanwhile, the time
domain discrepancy between those two signals, denoted by ey
is given in Fig. 4c, indicating an RMSE value of 0.134 m/s.

The input and output signals used for identification is given
in Fig. 4d while its static comparison with respect to the char-
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Figure 5: Fuzzy model for the lateral loop: (a) Membership func-
tions (first row, left), (b) Accuracy of the proposed model (first row,
right), (c) Modelling error (second row, left) (d) the I/O signals in
time domain (second row, right), (e) Static comparison (third row,
left): the I/O identification signal (blue) vs. the characteristics of
our fuzzy model (pink), (f) Output rules (third row, right), (g) and
(h) Degree of fulfillment (bottom).

Table 3: Fuzzy ’If-then’ rules of the fuzzy model of the lateral
loop.

1. If u Is A1 Then y = 2.9 ·10e−1u+5.2 ·10e−2

2. If u Is A2 Then y =−9.4 ·10e−2u−5.4 ·10e−1

3. If u Is A3 Then y =−4.2 ·10e−1u−2.9 ·10e−1

4. If u Is A4 Then y =−8.3 ·10e−1u+4.2 ·10e−1

5. If u Is A5 Then y = 6.0 ·10e−1u+1.5 ·10e−1

6. If u Is A6 Then y = 1.4 ·10e+u−1.5 ·10e+

7. If u Is A7 Then y = 1.2 ·10e+u−5.7 ·10e+

acteristics of our fuzzy model is depicted in Fig. 4e. The out-
put of individual fuzzy rules is illustrated in Fig. 4f and the
degree of fulfillment is presented in Figs. 4 g and h.

Meanwhile, the consequents and the centers of the clusters
of the fuzzy model of the roll loop can be found in Table 4 as
follows.

Table 4: Parameters of the membership functions of the fuzzy
model of the lateral loop.

Rule# Consequent Offset Centre of Cluster
1. 2.9 ·10e−1 5.2 ·10e−2 −2.6 ·10e+

2. −9.4 ·10e−2 −5.4 ·10e−1 −1.7 ·10e+

3. −4.2 ·10e−1 −2.9 ·10e−1 −3.1 ·10e−1

4. −8.3 ·10e−1 4.2 ·10e−1 1.5 ·10e−1

5. 6.0 ·10e−1 1.5 ·10e−1 8.7 ·10e−1

6. 1.4 ·10e+ −1.5 ·10e+ 2.1 ·10e+

7. 1.2 ·10e+ −5.7 ·10e+ 3.3 ·10e+

4.3 Vertical (Altitude) Loop: vzin to vz

Furthermore, the proposed fuzzy model of the vertical loop
can be depicted in Fig. 6a. The estimated output of the pro-
posed TS fuzzy model, with respect to the vertical transfer
function in (12), for the same validation signal vzin in (14) is
given in Fig. 4b. This clearly indicates a reasonably high
modelling accuracy as those two curves are quite identical to
each other. Meanwhile, the time domain discrepancy between
those two signals, denoted by ez is given in Fig. 6c, indicating
a reasonably small RMSE of 0.063 m/s.

The input and output time domain signals, used for the pur-
posed of identification, can be found in Fig. 6d, while its
static comparison with respect to our fuzzy model is depicted
in Fig. 6e. The output of individual fuzzy rule is depicted
in Fig. 6f. Lastly, the degree of fulfillment of each rule is
presented in Figs. 6 g and h. The output-specific informa-
tion of the proposed model in the form of the fuzzy linguistic
‘If-then’ rules are given in Table 5 while the centres and the
consequents of the membership functions are given in Table
6.

Overall, our fuzzy models demonstrate their best perfor-
mance for pitch loop identification with an RMSE of 0.029
m/s, compared to the identification of roll and altitude loops
that have an RMSE of 0.124 m/s and 0.064 m/s. This is
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Figure 6: Fuzzy model of the vertical loop: (a) Membership func-
tions (first row, left), (b) Accuracy of the proposed model (first row,
right), (c) Modelling error (second row, left) (d) the I/O signals in
time domain (second row, right), (e) Static comparison (third row,
left): the I/O identification signal (blue) vs. the characteristics of
our fuzzy model (pink), (f) Output rules (third row, right), (g) and
(h) Degree of fulfillment (last row).

Table 5: Fuzzy ‘If-Then’ rules of the vertical loop.
1. If u Is A1 Then y = 5.8 ·10e−1u−4.2 ·10e−2

2. If u Is A2 Then y = 6.4 ·10e−1u+2.7 ·10e−2

3. If u Is A3 Then y = 1.1 ·10e+u+3.2 ·10e−1

4. If u Is A4 Then y = 2.9 ·10e−1u−3.0 ·10e−1

5. If u Is A5 Then y =−3.9 ·10e−1u+4.8 ·10e−1

6. If u Is A6 Then y =−1.0 ·10e+u+1.4 ·10e+

7. If u Is A7 Then y =−3.3 ·10e−1u+2.5 ·10e+

Table 6: Parameters of the membership functions of the fuzzy
model of the vertical loop.

Rule# Consequent Offset Centre of Cluster
1. 5.8 ·10e−1 −4.2 ·10e−2 −1.9 ·10e+

2. 6.4 ·10e−1 2.7 ·10e−2 −9.2 ·10e−1

3. 1.1 ·10e+ 3.2 ·10e−1 −1.6 ·10e−1

4. 2.9 ·10e−1 −3.0 ·10e−1 −1.2 ·10e−2

5. −3.9 ·10e−1 4.8 ·10e−1 4.7 ·10e−1

6. −1.0 ·10e+ 1.4 ·10e+ 1.0 ·10e+

7. −3.3 ·10e−1 2.5 ·10e+ 1.9 ·10e+

mainly due to different complexity in the system as mathe-
matically represented in equations (10), (11), and (12). Also,
the percentile of the variance, as given by γ = 1− var(s1−s2)

var(s1)
×

100%, indicating the similarity between two signals, namely,
the estimated output from the fuzzy model (denoted by s1)
and the prediction from the transfer function (denoted by s2),
is reasonably high (> 95 %) for all three loops. This clearly
demonstrates the efficacy of our fuzzy models.

Furthermore, we also investigated the effects of employing
less membership functions (up to three only) on the accuracy
of the acquired models. Our research indicates that even with
only three membership functions, our fuzzy system still can
perform reasonably well.

5 Conclusion
We have performed non-linear system identification of the
AR.Drone quadcopter drone using the Takagi-Sugeno Fuzzy
technique. In the absence of complex mathematical equa-
tions, the proposed fuzzy models are simple despite being
non-linear and transparent. Consequently, they can be easily
understood even by the non-expert persons, such as average
drone operators. It is also clear that the accuracy of the ac-
quired fuzzy models is reasonably high (> 95 %) as indicated
by our validation results.

We also conclude that our fuzzy models are quite efficient
since they can achieve reasonably high accuracy, even with
three membership functions only. This achievement is clearly
advantageous, especially for modelling and control of small
robotic platforms (e.g. micro aerial vehicles (MAVs)), where
their performance are often limited by their computational
payloads.
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