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Abstract—This paper is about a time-domain grey-box system obtain accurate and practical LTI MIMO parametric helicopter
identification applicable to scale model helicopters. It presents models for flight control design. In Shim’s PhD thesis [2], he
a unique way to obtain the initial values to be used in the ;jantified a LTI MIMO state space model for a helicopter.

estimation process and a systematic way to partition the set Based the identified del aw int navigation control
of state equations and to identify all its parameters. A widely >aS€d Ontheidentilied model, a way point navigation contro

published linearized model suitable for hover and near hover System was successfully implemented. Cai et al [3] identified
condition is used in this paper. There is no need to go through the unknown parameters in the LTI MIMO helicopter model
tedious experiments to determine good initial parameter values ysing real flight data and developed a position control in
to start estimation. The performance of the proposed procedure hovering condition. Although the model is a linear model

is demonstrated using a ground-truth model and by showing . h . d h ina fliaht dit P d
the well-matched outputs and system eigenvalues, as well as thd" NOVEring and near-novering Tight conditions, Feng an

convergence of the identified parameters to their true values. Cai et al [4] have applied this linear model to realize an
The validation using real flight data is further strengthened by autonomous flight controller, which consists of tasks including

showing the prediction results. automatic takeoff & landing, hovering, slithering, pirouetting
and spiral turning, etc. Garraét al [5] used the grey-box
system identification method to model two different sizes
The R&D into UAVs have achieved significant progressesf scale model helicopters for designing automatic landing
in the last few decades. Among these, scale model helicoptessitrol system.
are particularly attractive as they provide excellent platformstoTo our knowledge, the most used grey-box system
gather flight data and to develop control methodologies. Unlikegentification tools for scale-model helicopters are the
fixed wing aircraft, scale-model helicopters are attractive dpeediction error method (PEM) in MATLAR System
to their ability to operate in many manoeuvering moddslentification Toolbo® [6] and the software package
such as hovering, vertical takeoff-landing, low-speed cruis@lFER®(Comprehensive Identification from Frequency Re-
pirouette, etc. The helicopters have significantly more complegonses) [7]. Both can be generally summarized as a paramet-
flight dynamics and as a result complex dynamic modelsc estimation problem, the aim of which is to find values of
They are naturally unstable, nonlinear, highly coupled anghknown model parameteisin a mathematically derived he-
multiple-input multiple-output (MIMO) system. However, thelicopter model, using flight data. The helicopter model is for-
helicopters can be considered as a LTI MIMO system in hovetulated as a MIMO state space model which mathematically
and low-speed cruise modes where the most meaningful applescribes the helicopter dynamics. The unknown paramiters
cations, such as navigation and surveillance, are carried dntthe model are iteratively determined by minimizing a cost
To be able to design high quality flight controllers for hovefunction J()\).
and low-speed cruise, it is necessary to obtain a sufficientlyBoth methods start minimizing the cost functigf\) from
accurate LTI MOMO dynamic model of the helicopter. a set of initial values\y of the model parameters. In order
In general, two modeling approaches are widely used to get an accurate estimation, the values\pfmust be not
obtain dynamic models of helicopters. They are first-principteo far from the real values of the model parametBr§7],
modeling and modeling through system identification. THé]. Mettler [8], [9], [10], Cai [3] and Garratt [5] did not
first-principle modeling is based on physical understanding pfesent in detail how they obtained the initial values to start
the helicopter’s dynamics. The resulting mathematical eque parameter estimation. Lorenz [11] and Shim [2] used initial
tions are typically nonlinear and have dozens of unknowguesses to start the identification in their papers, however,
physical parameters that need to be determined. In order to thet estimation can easily converge to a local minimum of
accurate parameters, numerous measurements and experimeatsost functionJ(\) or even diverge [2]. One popular
with extreme care are required [1]. and reliable way to obtain good initial values is based on
Compared to the first-principle modeling, system identthe first-principle modeling [12], [13] and [7]. As mentioned
fication modeling uses real flight data to obtain the actuabove, numerous experiments and measurements are needec
helicopter dynamics. This approach, especially the grey-btix get these parameters and it is too cumbersome and time
system identification method, has become a popular way donsuming.

I. INTRODUCTION
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An alternative grey-box system identification toolbox, SID-

PAC (System ldentification Programs for Aircraft) [14], writ- o 0 0 0

ten in MATLAB® | is used here to identify a LTI MIMO o 0 0 0
state space model with 13 states for a scale-model helicopter. o 0 0 0
SIDPAC uses output-error method (OEM) to estimate the o 0 0 0
unknown parameters in a LTI MIMO aircraft model. Theoreti- o 0 0 0
cally it still needs suitable initial parameter values to reach the B=10 0 0 0 (4)
global minimum of the cost function [14], [15]. The toolbox Aot Aion 0 0
also provides equation-error method (EEM) to obtain initial Biat Bion 0 0
values but only in some equations where the states and their 0 0 Zeot 0
derivatives and also the inputs are all available. 0 0 Neot Nped

As unmeasurable states exist in some subsystems of our he- | 0 0 0 0 J

licopter model, the constraint on the sign of the key parametgfSine matrices A and B, there are more than 30 unknown

are used to start the OEM. The correct sign constraints are @l ameters to be identified. It is impractical to estimate all the
based on the physical meanings of all the key parameters.arameters in one go. So a partitioned system identification

procedure based on the reliable flight test steps is used to
identify subsystems in a partitioned way.

As mentioned above, the scale model helicopter is a non-
linear, naturally unstable, highly coupled and multiple-input- [II. INITIAL VALUES

multiple-output system, but the hover dynamics can be lin- Aimost all the grey-box system identification work reported
earized as a LTI MIMO state space model at the trimmed poify. the |iterature express the same concern, i.e., the estimation
The model structure used in this paper is based on Mettleggoyid start from a good set of initial valueg which can
work on the identification of helicopter models [8], [9]. Thisonverge to the global minimum of the cost function [15],
model is suitable and has been used widely to implement ﬂ'gﬂih], [16] and [7], in other words, those grey-box identification
control systems, e.g. [3], [2]. The linearized model for hovefigorithms, as well as the OEM method used in this paper,
is given by, cannot work properly without such a set of initial values.

Our aim is to work out a practical and efficient method to
find suitable initial values directly from flight data without
tedious white-box modeling or blind initial guesses. The
basic idea is as follows: First, the physical meanings of the
T is the state vector with !<ey param.eters in.each subsystt_am are e>§amir_1ed. It provides
dmportant information to constrain the estimation ranges of
);'Jarameters and avoid calculating the cost function in some

rameter ranges where no physical meaning exists. Second,
dphe EEM is used in some equations to obtain suitable initial
values from measured and input data. After obtaining all the
& priori information mentioned above, the OEM can start a
f’zliable parameter estimation.

A brief introduction of the OEM and EEM in SIDPAC is

Il. HOVER MODEL OF SCALEMODEL HELICOPTER

& = Ax+ Bu and D
= Cu, (2

wherex =[uvpg®O© abwrry
u,v,w as the longitudinal, lateral and vertical velocities, r
spectively;p, q, r as the roll, pitch and yaw rates, respectivel
a, b as the longitudinal and lateral flapping angles, respectiv
with ® and®© as roll and pitch angles, respectively. The contr
input, or the stick iNputs i8 = [§14¢ S10n deot Opea]” Where the
elements in the order are: roll rate control, pitch rate contr
collective pitch control and the yaw rate control. The outplﬁ
vector is,y = [u v w p ¢ 7 ® ©]7. The matricesA and B in

(1) are: given below.
A IV. ESTIMATION ALGORITHMS
X, 0 0 0 0-g-g0 0 0 0 ] SIDPAC has been successfully used at NASA Langley
0 “ Y, 0 0 g0 0 g 0 0 0 Research Center with data from many different flight test pro-
L., L:, 0 0 00 L, Ly 0 0 0 grams and wind tunnel experiments [17]. A brief presentation
M, M, O 0 00 M, My, 0 0 0 of the two parameter estimation processes is given below.
8 8 (1) ? 8 8 0 8 8 8 8 A. Output-Error Method
-1 3 OEM is one of the most used maximum likelihood pa-
0 0 -100 — A 0O 0 O : - - .
. rameter estimation methods for LTI MIMO aircraft dynamic
0 0 —-10 00 B -1 0 0 0 system. The goal of the OEM is to minimize the cost function
YT, by tuning the model parametac
0 0 0 0 00 Z, Zy Zyw Zr O N
0 0 N,O 00 O 0 N, N, Ns 1 S
0 0 0 0 00 0 0 0 K K| J(A)—NE;V(”R VE (), (5)
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whereV (i) is the output error between model outpyt) and in (10) can be ignored. So the only parameter to be identified

measured output(i) here isY,,.
N . . . In the equationy and & are the collected flight data and
Vi) = 20 -y0) i=12.N ©6) v can be derived from the data set The EEM is used to
andR is the output error covariance matrix. estimate the parametéf,. This method does not need any

5 Equation. Vethod initial value.
- Equation-Error Metho 2) Roll dynamics:

In some rows in the state-space model, the related states, in

addition to the inputs, are all measured. The state derivativeg © Y, Og g v 0
there are either measured or can be found from numerical » | _ | L, 00 Ly P 0 s (11)
differentiation. In this case, the unknown parameters in these <I> 0 10 0 P 0 lat
equations can be estimated using the EEM without any starting b 0-10-1/7, b Biat
value. This can be generalized in the form of the foIIowinlg| ) o
equation: ere, L, represents the roll rotor spring coefficient and should
. . have a positive signL, describes how the helicopter’s roll
. a dynamics responses to an increase.iiAs a wind gust from
=) Mz Ao 7 ; - . ) "
v Z i Z i (7) left side causes a positive rolling motioh,, has a positive
) S ] sign. By, is the gain from the lateral input to the roll dynamics
and the cost function to be minimized is with a positive sign, is the time constant that is due to the
stabilizer bar, Shim shows in [2] that the time constant
1 & expressed in seconds can be roughly calculated with,
a,b NT>—1 -
T =23 EHTRTIEW), 8)
2 ¢ 5
=1 Te = 0760 (12)
where&(i) is the equation error r/
n n_ whereQ g is the main rotor speed expressed in rpm. For this
E@)=d—Y Ma;—> Mu;  i=12..N (9) helicopter,r,o = 0.3333. This value will be used as the initial
j= j= estimate ofr,. As the main rotor speed is not strictly constant
andR is the equation error covariance matrix. in hover mode, a loose range of [@,3, 1.2r,0] iS put as its
More details about SIDPAC and its OEM and EEM method@nstraint. _ _
can be found in [14]. _ The output datzp_ andwv and the input signad;,; are used
- . o in the OEM to estimate the unknown parametégs Ly, 7,
C. Partitioned System identification Procedure and B,,; with their constraints.

The partitioned systems include lateral translational dy- 3) Longitudinal translational dynamics:
namics, roll dynamics, longitudinal translational dynamics,
pitch dynamics, heave dynamics and yaw dynamics. Mettler = Xyu—g0O —ga (13)
suggested an identification process in [9], but we made some . . T S
e%—. is the speed force damping derivative in x-direction,

that before identifying roll dynamics the lateral translation ysically should be a negative value._ Similar to (10?’ it 1s
dynamics needs to be identified so that the translational eff £ only param_eter to .be estimated using the EEM with low
can be considered into roll dynamics identification. It is theequency longitudinal input.

same for identification of longitudinal translational dynamics

changes to suit our own procedure. The biggest difference’i§

4) Pitch dynamics:

and pitch dynamics. X, 0—g _g w 0

The cross coupling effects among these subsystems cann t M, 0 0 M, q 0
be covered in the partitioned systems. However, they are ngte, | = 0 1 0 ol lel*| o |00 A4
the dominant parameters that capture the main dynamics qf . 0-1 0-1/m, a Ao

each subsystem. These parameters can be identified in coupl éL
systems after obtaining the dominant parameters. Even thg is the pitch rotor spring coefficient and should be positive.
dominant parameters will be further refined at the final stepi/, describes how the helicopter’'s pitch dynamics responses
1) Lateral translational dynamics: to an increase im. If the helicopter experiences a wind gust
. from back, it has a negative pitching motion. 36, has a
v =You+gP+gb (10) negative value4,,,, is the gain from the longitudinal input to
Y, is the speed force damping derivative in y-directiorthe pitch dynamics and is a negative quantity.
physically should be a negative valug.is known as 32.2  Similar to the estimation of roll dynamics, the output data
ft/s%. g and u and the input signab;,, are used to estimate
When exciting the helicopter with low frequency laterathe unknown parameterd/,, M,, 7, and A;,, with their
input, the flapping dynamics is ignorable, i.e. , the tegybn constraints.
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5) Coupled longitudinal and lateral dynamics: Taking all the constraints just mentioned above, the OEM
"] X, 0 0 0 0—g—g 0 1wl is to est|mate_the unknown parameteys, Npeq, K,, N,y
. and K,y by using the measured yaw rateand the yaw rate
; 0 Y, 00 g0 0 g v control signald,.q to
D Lu Ly 0000 La Ly p 8) Cougled phe(eiavé and yaw dynamics:
g| |M,M,0 0 00 M, M, g P yaw dy '
@ (0 0 1 0 00 O 0 ) w Zw Zy 0 w Zeot 0 5
e 00 0 1 00 O 0 © i | = | No Np Nyf 7|+ | Neot Npea [50“}
a 0 0 0 —100 —1/7, A a P 1o 0K, Koy | | 0 0 ped
b 0 0 -10 00 B, —1/1a | | b | (20)
- ) - - Two heave-to-yaw coupling parameters,(AndN.,;) and one
0 0 ) .
yaw-to-heave coupling parameter,{Zare to be estimated at
0 0 . . . .
0 0 this step using a set of data with two inpufis,; and dpeq.
0 0 5 The OEM is used with initial values of both parameters set to
+lo o { 51‘” ] zero.
0 0 ton 9) Complete dynamic equatiorhe coupled longitudinal-
lateral model in (15) and the coupled heave-yaw model in (20)
Atat Aion bined as th lete model structure (1) with t
Buat Bion are combined as the complete model structure (1) with two

(15) further cross-coupling parameterg and N,. The parameter
Z, is fixed to 0, because its original value in the "true” plant

The two subsystems (11) and (14) are combined to form thgs set to 0.

coupled longitudinal-lateral model (15) and the cross-coupling pJ| the input data §ar, djon, eols dpeq) @and output datau,

parametersLq, My, Ay, Ba, Lu, My, Aiae @nd Biop, €Ny, ) p, g, r ®, O) are used in the OEM wittZ,,=0 and

be estimated with OEM using a flight data set which arg =0 to run the final estimation.

excited by two inputsi,; andd;,, together. The estimation The final step of the entire estimation procedure is to refine

doesn’t require any specific initial values but O for all these §| the parameters determined with a new set of flight data

parameters. The identified parameters from earlier steps 1)u§?ng the OEM with the so far determined parameter values
4) are to be refined at this step simultaneously. as the starting values.

6) Heave dynamics:

. V. RESULTS IN SIMULATIONS
W= Zaga + Zpb+ Zyw + Zyr + Zeoibeol (16)

In order to prove and validate our preliminary method at this
Z, and Z, describe the cross coupling effects from flappingtage, a simulation model is used to generate hover flight data
dynamics to heave channel. At} describes the effect from for the system identification. As Shim provided a clear and
yaw rate changes. As the main concern is the vertical respoRsgroducible LTI MIMO model for a Yamaha R-50 helicopter
to the collective input and the data setiafw andd..; are used i [2], this model is considered here as the "true” helicopter
to estimate the heave dynamics, the tetfya, Zyb and Z,r  hich is trimmed and flies with a quasi-constant rotor speed
will drop out of the above equation. Once this approximatiog¢ 900 RPM in hover mode. Although the model simplifies
is made, the parameters, and Z., can be obtained via the real situation, it describes the hover dynamics, which is
the EEM, requiring no initial valuesZ,, represents the heavegominant in low frequency, well. As the measurement bias and
damping with a negative valueZ..; is the gain from the phigh frequency noise are very common in real life situation, the
collective input to the heave dynamics and is a negatiyigyht data generated from this model is substantially corrupted

quantity. _ with certain Gaussian white noises and constant biases,
7) Yaw dynamics:

i1 [N, Ny r Nped 5 17 & = Ax+ Bu and (21)

i | T K Ko | e | T 0 |0 @D y = Cz+ Nuw+Gd, (22)

N, represents the yaw damping coefficient with a negativeherew is the measurement noises afidhe measurement
value. N4 is the gain from the yaw rate control input to theébiases. The matrice®’ and G are diagonal matrices with
yaw dynamics and is a positive quantity. As a feedback yameights along the diagonal that can be adjusted to add noise
rate gyro is installed on the helicopter, the yaw rate feedbaakd bias.
T, provides negative yaw rate compensation to enhance thd'he positive directions of the helicopter coordinate and
yaw stability. K, is the yaw rate feedback gain and is a positiveontroller inputs are shown in Fig. 1. They are of importance
value. Additionally, two constraints are added between the understand the correct motions from recorded flight data.
parameters to enable successful identification at this step [BEcording to the definition, the signs of the control derivatives
Noj=—N (18) in matr_ix B and the_k_ey deri_vatives_ in matrix_l can be

! ped determined by combining their physical meanings and the

K5 =2N, (19) flight motions. Details are described in the next section.
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Fig. 1. Definition of coordinate and controller inputs (modifigom [18])

The parameter values in the real model are listed in column
“real ” value in Table I. The acceleration due to gravityis
a known parameter and is set at 32 s?. Notice that Shim
used imperial units in his original work, but he didn't clearly
indicate the unit of each parameter listed in the column. In
order to avoid incorrect converting, we keep the original units
in this example.

The comparison of the convergence with and without the
sign constraints in the identification procedure is presented
first. Here is an example at step 2) for estimatiig,. The
Estimation runs from the starting value 0 with and without
the sign constraints. From Fig.2, we can see that the correct

sign gives a necessary constraint to avoid stepping into a_

wrong range. In contrast to that, the original OEM method,
which doesn’t combine with the sign constraint, cannot return
a correct estimate starting from the same initial value, 0. In
this case, it must either have further initial guesses or find a
better initial value to get the estimation done.

Estimation of B
lat

— With the sign constraint
—— Without the sign constraint |
- - -True value of BlaI

Iteration

Fig. 2. An example of proper convergence with correct sign taims.

Figure 3, 4 and 5 compare the responses of the identified
system to the "true” system responses. Also note that the
outputs of the "true” system have been corrupted by noise
and bias before using the flight data in the estimation process.

7| |—original data
- - -ident; fit: 91.69%|

u(ft/s)

—original data
- - -ident; fit: 81.14%

o(ft/s)

—original data
7 [= - -ident; fit: 67.22

w(ft/s)

Time (s)

Fig. 3.

Identification results for,, v andw.

0.2r

—original data
|- - -ident; fit: 66.21%)

plrad/s)

—original data
| == -ident; fit: 66.85%|

q(rad/s)

- |—original data
- - -ident; fit: 82.25%)

r(rad/s)

Time (s)

Fig. 4.

fit =100 x (1 —

(y—2)

(2 -7%)

2

=)

Identification results fop, g andr.

(23)

Under these circumstances, the identified model shows wherey is the output of the identified model andis the
excellent agreement in each channel. The precision of thetput of the real system. Angdis the mean value of.
model in each channel can be quantified by “fit” value [16]: Although it is popular to use Cramer Rao Bound{@©R
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— s (a) A-Matrix (b) B-Matrix
J \M/L “real” Identified “real” Identified
vaue value value value
X, | -0.1257 | -0.1343 Ara: | -0.8417 | -0.8565
®(rad) Y, | -0.4247 | -0.4237 Alon | -2.8231 | -2.8672
L, | -0.1677 | -0.2028 Bia: | 24090 | 2.5012
L, | 0.0870 0.0790 Bion | -0.3511 | -0.1265
L, | 36.7050 | 67.0926 Zeol | -70.504 | -63.511
L, | 161.1087 | 157.7030 N..; | 23.6260 | 22.0576
off ‘ ‘ l ‘ ! R M, | -0.0823 | -0.1186 N,oq| 44.8734 | 38.4659
os ~ , | e M, | -0.0518 | -0.0614
04 1 M, | 635763 | 85.1978
0g 1 O(rad) M, | -19.4931 | -14.5734
02 1 Ta | 0.29 0.2849
0 1 A, | 0.8287 0.5139
M . . . . . J B, | 0.3611 0.0936
Time (s) Za | O fixed to O
Z, | 9.6401 0
. __— Zw | -0.7598 | -0.7674
Fig. 5. Identification results fo® and © (rad). 7, | 8.4231 9.7000
N, | -1.3300 | -0.0909
N, | 0.0566 0.0854
15 ‘ ‘ ‘ ‘ oo N, | 55105 | -4.1457
o % videnJ N,;| 448734 | -
o g 9 K, | 1.8157 1.5395
See the enlarged vigw K,r| -11.0210 | -
A TABLE |
1 PARAMETER IDENTIFICATION
o v &
[nv4
135 -8 s 4 2 0 2 01
real axis - ! v j j j o'sys
o VidenJ
Fig. 6. Eigenvalues. , 005 ]
5 .
£ o w 4
gﬁ o
and Insensitivity (P0) [9], [7] or standard error [19], [17] to = -0.05
indicate the estimation accuracy, these statistics describe the .
. . . . . . —-01 1 Av L L L L
estimation itself but cannot indicate the difference between % -06 04 =02 0 02
. . real axis
the estimates and the true values, especially when the true
vales are not available. As the "true” parameters of the plant Fig. 7. Enlarged View of selected zone in Fig. 6.

is known in this simulation example, it's more reasonable
to compare the identified values to the real model parame-
ters. The mean values of the identified parameters are listed VI. RESULTS FROM REAL FLIGHT DATA

in Table.l. Although the parameter estimation has reachedrhe proposed system identification procedure was applied
a good accuracy level, it's still not intuitive to assess thg the identification of a 60 size Hirobo "Eagle” helicopter

accuracy of the identification. For that, the eigenvalues gfig.11) that was used for autonomous flight testing at
the original model and the identified one are given in Fig.@yNSW@ADFA [5]. Several segments of the real flight data

original ones, which means the model is capable to descrigentification.

the characteristics of the system. The time-domain predictionThe directional velocities inz, y and z direction @, v

ability of the identified model will verify it further. andw) are shown in Fig. 12. As the flight was in the hover
To validate the prediction performance of the identifiechode and changes in velocities were small, the accuracy of the
model, the model was excited with the control input dataredicted velocities is limited. Apart from a slight prediction
from another set of flight data which was not used in therror in v, the over all results show very good agreement.
identification process. The predicted helicopter responses ar&@he roll rate §), pitch rate §), and yaw rates) are shown
compared with the "real” outputs. The comparison of linean Fig. 13. All three channels show very good agreement with
velocities , v, w), angular ratesy ¢, r) and two angles®, real data in low frequency range where the hover dynamics is
©) is shown in Fig. 8 - 10. The model is excited at time 1.@ominant.
(sec) and it shows an excellent agreement with the originalThe roll angle ) and pitch angle®) are in Fig. 14. Taking
system for all channels except the roll rate and pitch rait@o account the small angle changesO(2rad) in the hover
responses which still shows good agreement. flight, the performance is very satisfactory.
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~ [—original data
- - -pred; fit: 82.1%

d(rad)

v T T T T T —
0 - |—original data
- - -pred,; fit: 86.68Y%
_51- i i 4

: 1 u(ft/s)

15+

—20+ . . 4

“| |——original data 0.4+ : ! : ! B | —original data
| |-~ -pred, fit: 67.98% P - - -pred,; fit: 91%

0.3 4
't/s y
v(ft/s) 02 \ . , 1 O(rad)
0.1 4
0 . . . . . 4
0 1 2 5 6 7
Time (s)
e s Fig. 10. Prediction performance (3).
w(ft/s) MPC555
ymema Autopilot
I I T T S B —
Time (s) ——
Fig. 8. Prediction performance (1).
H . i ——original data 7
i | \—JP"'P'E“? fit: 55.73% Battery 8000mAH
‘ 3 p(rad/s) Fig. 11. The platform-Eagle [5].

u (m/s)

data
= = = model

—original data
- - -pred,; fit: 53.45

0.3

0.2

v (m/s)
o)
i

q(rad/s) ST =

0.1

-0.1°

-0.2

—original data
- - -pred,; fit: 79.48

r(rad/s) Fig. 12. Validation (1).

‘ s ‘ w s : VIlI. CONCLUSION

0 1 2 3 4 5 6 7
Time (s)

A time domain grey-box system identification procedure

Fig. 9. Prediction performance (2). suitable for scale-model helicopters operating in hover and

near hover condition has been described. Thanks to the

sign constraints added to the OEM method, the approach

Due to the limitation of the model structure itself, th&loes not need cumbersome first-principle modeling to obtain

identified model is not capable to capture the high frequensyitable initial values. The partitioning steps of the system

dynamics contained in the real data. But for our future contriglentification has also been described in detail through an

design that will enable a stable flight near hover condition, thexample. In this example it has been shown that the original
bandwidth of the model is fairly enough. parameters used to generate the data set has been successfully

The identified parameters are given in table Il. identified through the partitioned identification method. It has
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(a) A-Matrix (b) B-Matrix
- mean std. error mean std. error
- X, | -2.7594 | 0.1746 Alat | -0.0560 | 0.0074
= Yo -0.2345 0.0413 Ajon| -0.4556 | -0.0092
L, | -13.308 0.8248 Bia: | 0.4228 0.0059
L, | 0.3329 0.2068 Bion | -0.2322 | 0.0062
L, | 36.688 10.631 Zeo | -7.0887 | 0.2397
L, | 331.24 13.015 N.o | 2.0274 | 0.6639
';”; M, | -6.2403 0.7164 Npeq| 7.4847 0.8871
= M, | 0.3927 0.1344
M, | 199.36 7.8038
M, | -41.970 10.740
Ta 0.1064 0.0063
Ap -6.7924 1.1007
7z Ba -1.7674 0.4469
2 Za 24.106 7.1266
- Zy 35.511 4.7646
730 31 32 33 34 35 36 37 38 39 40 Zw -1.0540 0.0699
Time (s) Zy 2.1154 0.1550
Fig. 13. Validation (2). %i 822;‘ 8;3;3
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i K, | 7.2914 0.5673
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(7]
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Fig. 14. Validation (3).

(8]

been shown further using the real flight data that the identified
model can predict the flight performance successfully, thereld§l
validating the proposed identification procedure in a reﬁlo]
application.
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