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Abstract

This paper presents a system identification method for small unmanned helicopter based on
Takagi Sugeno fuzzy models under hover. Firstly, the nonlinear discrete model of small unmanned
helicopter with unknown parameters is determined by Takagi Sugeno system. Secondly, derivative based
gradient method is used to identify the unknown parameters of TS fuzzy model because in gradient
adaptation, fuzzy system is not supposed to be linear in the parameters, so all fuzzy sets for input and
output could be adjusted. The proposed method showed its effectiveness in terms of data matching
obtained by the X-Plane® flight simulator. Obtained simulation results show high accuracy of the modeling
method and better justification for real time applicability of the approach.
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1. Introduction

Controlling of a small scale unmanned helicopter is more challenging than its full scale
counterpart because of its complex system which exhibits a high degree of nonlinearity and
instability [1]. Taking off and landing vertically is the ability of SUH makes it more successful in
civilian and military applications, such as surveillance, monitoring and data acquisition. lts
unique features such as lower flight speed and hovering proves more suitable for challenging
environment [2]. The SUH is typical a nonlinear system having 6DoF and four control inputs.
Due to cross-coupling and time-varying ability, it is considered as unstable system [3]. Therefore
building of an accurate and stable model for SUH is great challenge to the researchers [4].
During recent years, major research work has been done for establishing a simple model, which
has ability to cover the complexity of helicopters. Two methods are generally used for system
modeling and identification, the first principle method and system identification method. In the
first method many unknown parameters are required to estimate. Therefore this method is
suitable for full scale helicopters but as far as small scale helicopters are concerned, this
method is highly unsuitable [5-6]. Second method is system identification method which further
divides into time domain and frequency domain techniques. Mettler used frequency system
identification techniques (Comprehensive Identification from FrEquency Responses (CIFER))
for establishing a linear state space model at hover for small helicopter system [7]. For
identification of dynamic model process the time-domain system identification is often suitable.
Under this assumption, a helicopter can be treated as a single input and single output system
with three independent SISOs. A 3DoF helicopter was modeled by a new autoregressive (AR)
model using the Least Squares Estimation (LSE) [8]. Artificial Intelligence (Al) like neural
network was also used for the identification and control of nonlinear systems [9-11]. The
modeling method by neural network is usually complex method and could not be used to

examine the characteristics of the dynamics.

In this paper, a nonlinear discrete model for small unmanned helicopter is derived. The
discrete velocity dynamics are obtained using nonlinear equation of motion of helicopter. A
Takagi-Sugeno (TS) model is then developed based upon the translational velocity dynamics.
To estimate the unknown parameters of TS fuzzy system, a gradient method is used due to its
simplicity, accurate learning and quick convergence of all fuzzy rule base parameters including
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membership function. The frequency sweep input excitation signal is used as input because of
its adequate acceptance in flight vehicle identification process. The X-plane simulator is used to
obtain experimental data and to verify the modeling results. This commercially available
simulator gives a better indication of the approach applicability in real-time flight applications.
The verification result shows the successful potential of proposed approach in terms of simple
and accurate identification methodology.

The paper is organized as follows: Section 2 described system dynamics including
coordinates and frames, rigid body dynamics along with main rotor and tail rotor force
generation. Lastly the section covers the complete nonlinear discrete small unmanned
helicopter model. Section 3 described Takagi-Sugeno Fuzzy Models in detail. Section 4
discussed the proposed Takagi-Sugeno fuzzy system for nonlinear helicopter model and
frequency sweep input used to excite the identification process. Section 5 shows how gradient
method is used to estimates the unknown parameters of TS fuzzy model. Section 6 showed
simulation results. Finally section 7 states the conclusion remarks.

2. System Dynamic Modeling
2.1. Coordinates and Frames

Equations of motion for model helicopter based on rigid body dynamics, basic
aerodynamics and helicopter theory is derived [12-13]. Two frames (reference inertial frame and
body-fixed frame) are considered as shown in Figure 1.

Yhae q ’y
Coov e

—‘\'Il\
Vs & ﬁ‘“oho
- N
u 5 NS
| ';"l.;l. .)/' b: Body

<]
wl nv: Vehicle-carricd NED
Xh “er
R !
ZovlZb
XI

/ Yy

Figure 1. The body fixed frame and inertial frame coordinates

2.2. Rigid Body Equations

Rigid body equation of motion can be described in above two reference frames. Both
frame are defined as F, = (0,,7,, j;,k;) and F = (03,75, J5,kz). In Figure 1 7 represents the
linear velocity vector and its coordinate vector is v® = [uv w]T w.r.t. body fixed frame and
w® = [p qr]" is the angular velocity w.r.t. body-fixed frame. The forces and moments (f and 7)
acting externally on the fuselage are sum up as vectors. The f5 = [X Y Z]T represents force
vector components and 72 = [L M N]T represents the component of the torque vector w.r.t.
body-fixed frame. The Newton-Euler equation of motion becomes [14]:

5 B
[ Mae ]+ lowXTae] = [ W
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where "[" is the inertial matrix w.r.t. body-fixed reference frame and the mass of the helicopter is
denoted by "m". Finally the external aerodynamic forces and moments are represented by the
following equations and descriptions of variables are given in Table-1:

fE=y|= |+ Vet Yo+ v[+ RT | 0 2)
7 I+ Zn + 2 mg
- L+ Le+ Ly + Ly

8= |M|= My + My + My 3)
IND N+ N+ Ny + NS+ Q

The complete rigid body dynamic equations become:
.1 1 B
v = mRIBf (4)
[of = —wf x (I w?)+ 18 (5)

2.3. Complete Small Unmanned Helicopter Model

The main rotor thrust vector and tail rotor thrust vector, fuselage drug, damping forces
of the stabilizers and gravitational force are considered as main force production for the
helicopter. Four control inputs are observed and defined as & = [8¢o1, Oped s Oion ,012¢ |7, where
Oco1» Opea Is the main and tail rotor collective control. 8,4, ,01, is the longitudinal and lateral
control of the helicopter. The TPP is defined by a and b angles which show the TPP tilt at the
longitudinal axis and lateral axis as shown in Figure 2.

Figure 2. Tip-Path-Plane (TTP) angles & Thrust vectors Ty, and T

The dynamic equations of TPP are given in [15] as:

AOTL
a= _q_%'i' ‘if 6lon (6)
— _i Biat
b= —p-L Mg, 7)

where 4,,, and B, are effective steady state lateral and longitudinal gains from the cyclic
inputs to main rotor flap angles; §,,, and §,,, are the longitudinal and lateral control inputs. The
term "z," denotes main rotor time constant. The main rotor thrust and tail rotor thrust magnitude

is proportional to the collective control commands (8.0, Speq):

Ty = Ky 6cp@and Tr = Kr 5ped (8)
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where T), is a main rotor force and T is tail rotor force magnitude respectively. K, & K; are
constant parameters. The main rotor thrust vector and tail rotor thrust vector is normal to the
TPP, therefore thrusts of main and tail rotors can represented as:

Xyl [~SaCo —a 0 0
Zy - C,Cy -1 0 0

Longitudinal and lateral forces effects due to TPP tilt and effect of the tail rotor thrust on the
translational dynamics are neglecting [16]. Therefore, force equation becomes:

0 0
&= [ 0 [+R]0 (10)
—Tu mg
And complete torque vector will be:
Ry YmZm = Zm¥y + Z¢¥r
TB = MM + ZmXM_meM (11)
Ny Xm¥y — Ym&m + X Yr
substituting above equations, a more solid form of the torque could be achieved as:
8 =Av.+ B b,y (12)

where v = (610n8co1 Opea G1atOco)” With A € R¥** andB € R**!. Therefore nonlinear
equation of motion accompanied by a simplified model is expressed as:

vl = ——Rigey Ty + gey with {e; = [001]"} (13)
I(j)B:—a)BX(Ia)B)-l- Av. + B,y (14)

2.4. Nonlinear discretized Equation of Motion (EoM) for Translational Velocity
The nonlinear discretized EoM can be obtained using Euler’'s backward method, which
stated as [y,41 = Yn + At f(Vne1, tusr )]- Therefore, Equation-15 is obtained as:

Vhis = h+At (== Rigne; Ty) + At (gey) (15)
By putting Ty, the above equations can simplify as:
Vpsr = Up+ AiRipne; Scoin + Aze (16)

where A, = —At %M and A, = At g.

3. Takagi-Sugeno (TS) Fuzzy Models

The model suggested by Takagi [17-18] has gained increasing interest in theoretical
analysis and applications of fuzzy modeling and control. Takagi Sugeno (TS) fuzzy system is
known as “functional fuzzy system” because output is a function rather than a fuzzy proposition.
IF...THEN rules for reasoning is the base structure of TS models, in which antecedents (If part
of the rule) are fuzzy sets and consequents (Then part of rule) are linear functions. Due to this
arrangement, a complex affine nonlinear system could be approximated by TS fuzzy model. It
can be used for best estimation (y (k + 1)) of the state variable y(k) at each time instant (k)
given the inputs to the fuzzy system. Consider a TS fuzzy system with R rules of the form:
Ry If y(k)is A;; and y(k—1)is A;, and ....... and y(k—n+1)is A;, and u(k) is B;; and
u(k—1)isB;;and ....... andu(k—m+1)is B,
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Then vitk+1D) = a1y + ap,yk—D+ oot aylk—n+1)+ ;5 ulk) +
Biutk—1D+ .+ Bipulk —m+1)

where y(k) ... ... ,y(k —n+1)and u(k),..... ,u(k —m+ 1) are present and past plant outputs

and inputs. After center average de-fuzzification, the estimated output is:

_ 2R i e+ (), y (k=nA D u(K), ot (k—m+1)
Y (k) = T 0 00mmy G4 D00t (kD) (17)

where w;(y(k), .....,y(k —n+ 1),u(k),.....,u(k —m+ 1)) is the premise membership value of
Rule it" .
Therefore, estimated output can be re-written as:

y(k+1) = &T(k) Ors (18)

where &T(k) = [(v(k),y(k—1).....,y(k —=n+ 1), u(k),u(k — 1) .....,u(k —m+1)] and 6% =
[@11) - QR1 A1 2 s e QR 2 s oo Ay s e s @Ry s P11y oo BRA)B12 s e BR2 5 oo e Brm s v - Brom]-
&(k) € R™™ is regression vector and 6 is the Takagi Sugeno parameter vector.

4. Proposed Takagi-Sugeno model for Translational Velocity dynamics

4.1. TS Fuzzy Rule Base

TS fuzzy model is developed using nonlinear velocity dynamic Equation-15, which
represents the translational velocity of small helicopter system. Before developing the fuzzy
model, some simplification is assumed to facilitate the identification process such as neglect the
secondary forces produced by TTP tilt. The proposed TS fuzzy system for translational velocity
dynamics is composed of R; rules, with i*" being as:

If (E/ and E} and F™) Then

u(k +1)i = u(k) + at [sin (k) sinp(k) + cosp (k) sin 8(k)cosy(k)]ucor (k)

v(k 4+ 1)i = v(k) + al [sinp(k) cosyp(k) — cosg(k) sin 8(k)sinyp(k)]peo; (k)
(19)

w(k +1)i = w(k) + at [cos p(k) cosO(k)]uco (k) + ab

where Fuj, E! and E* are fuzzy set representing the linguistic variables values. The parameters
of TS fuzzy model are unknown and can be evaluate through gradient based algorithm.

4.2. TS Fuzzy Membership Function

, Consider the Gaussian membership function equally distributed with adjustable centers
"ct" and spreads "a'" on each input universe is given by Table-1.

Table 1. Initial Gaussian Membership function

Mathematical Presentation Graphical Presentation
) [ 1(x, — C£ 2 Gaussian Memebership function
() = exp _E<U—ri>
r . 1
; 1(x,—¢ 2
uiCa) =exp|—> o e
r i\ 2
. 1/x,—ct
ut(x.) =exp|— 5 (%) 0.6
where subscript r, [ and ¢ represents right, 04
left and centre respectively.
0.2
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4.3. Frequency Sweep Input

This is the crucial part of identification method because input signal must have the
capability of exciting the system modes that are required to appear in the identified model and
secondly design of the input signal is important for collecting the experimental data. A wide
variety of frequency excitation signal for aircraft system identification can be found in [19]. A
frequency sweep signal is selected for this identification process, which is simply a sinusoidal
signal with variable frequency, increases logarithmically with time. The amplitude of frequency
sweeps are not kept constant due to position sustainability of helicopter around at certain
operating condition. The frequency sweep input signal requires prior knowledge of frequency
bandwidth. According to [20], rotorcraft identification requires frequency bandwidth lies between
0.3-12 rad/sec. The frequency excitation input signal is given by:

u=Asin[p®)], p(®) = 3" [Omin + K(O)(@max = Oman)] dt, K(®) = C; [exp (7-) — 1]

TTEC

The suggested value for ¢; = 4.0 and C, = 0.0187 are found in [20].

5. Gradient Method for Parameter Estimation

A gradient descent method proves better adequacy in terms of determining the
unknown parameter of TS fuzzy system [21]. Gradient method is used to find the minimum of
the objective function by training the parameters of the TS fuzzy system [22].

Start *
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A 4 l
Initialize guess for c’s Calculate crisp output Obtained best

and g’s values

parameter
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Initialize training data law No

| =

Figure 3. Gradient based training algorithm for Parameter Estimation

Using above gradient based algorithm, the final membership function for translational
velocities (u, v and w) are found and shown by the Figure 4.

6. Simulation Results

X-plane simulator is used for this experimental work due to its realistic and powerful
approach. The helicopter in X-Plane® simulator shows the resemblance to an actual small
model excepting in yaw dynamics because a gyro mechanism is not included in computer
model. The frequency sweep signals initialized when the small helicopter is set at hover mode.
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Figure 4. Initial and Final Membership function for Translational velocities

Frequency sweep signals Gradient (c's,d's ,a's)
and Translational Identification
Velocities . Algorithm

(u,v,w)
Identified Model } I

Figure 5. Simulation loop for Identification Process

Figure 5 showing the simulation loop for system, where identification algorithm is
programmed in Matlab. The model is built in Simulink and executed in real time. For verification
of model, the helicopter is set at hover state, then frequency sweep signals (control commands)
are applying periodically that perturb the helicopter to a new hover position until a new input is
excited. The estimated and actual translational velocities can be observed by Figure 6. The
solid line shows actual model whereas dotted line represents the estimated model.

Takagi-Sugeno Fuzzy Model Identification for Small Scale Unmanned ... (Arbab Nighat Khizer)



494 = ISSN: 2302-4046

u (m/sec)

0 10 20 30 40 50 60 70 80 90 100
Time (sec)

0 20 40 60 80 100

Time (sec)

o
U

w (m/sec)

'
[

o
(93]

0 10 20 30 40 .50 60 70 80 90 100
Time (sec)

Figure 6. Comparison between Actual and Estimated Translational Velocities

The above simulation results show the successful applicability of the proposed
identification method. The identified model using TS fuzzy system and actual model values
matched better for translational velocities. It is clear from figures that the proposed identification
process is very effective and quick.

7. Conclusion

The main contribution of this paper is to identify the nonlinear dynamic behavior of small
unmanned helicopter using Takagi Sugeno fuzzy model. The input signal selected for this
proposed method is frequency sweep signals. The proposed TS model proves better to
encapsulate the dynamical behavior of SUH at hover state. The produced TS model is relatively
simple nonlinear discrete system, which further facilitates controller design. The proposed
modeling method has simple structure therefore it can easily be implemented. The simulation
results show the effectiveness and accuracy of the modeling method. Derivate based gradient
method is used for parameter estimation because in gradient adaption, both input and output
fuzzy sets could be adjusted as desired. Future research work will address the design of fuzzy
controller which stabilizes the identified model at hovering and at low velocities.
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