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This article presents an integrated approach for the parameter identification of a small-scale unmanned helicopter. With the flight
experiment data collection and preprocessing, a hybrid identified algorithm combining the improved artificial bee colony algorithm
and prediction error method is proposed to obtain the unknown dynamical parameters of the linear model. The proposed
algorithm is valid to use thanks to an adaptive search equation, a novel probability-scaling method, and a chaotic operator and
has a good performance in search speed and quality. Afterwards, we design a wind tunnel test to modify the main rotor time
constant of the identified model. The identified accuracy and feasibility of the proposed approach are verified by making a
time-domain comparison with three other algorithms. Results show that the dynamical characteristics of the helicopter can be
determined accurately by the identified model. And the proposed approach is propitious to enhance the reliability and
availability of the identified dynamical model.

1. Introduction

Small-scale unmanned helicopters play an essential role in
civilian applications andmilitary applications, such as environ-
mental monitoring, emergency response, crime prevention,
and urban mapping [1–3]. The agility and high maneuver-
ability of the helicopters require a high-performance control
scheme for full-authority autonomous flight. And the
design of a high-performance control scheme is based on
a high-fidelity mathematical model that captures the key
dynamics of the helicopters. However, obtaining the exact
dynamical model of the helicopter system is not an easy
mission due to its nonlinearities and unstable and high
degree of coupling.

In general, there are twomethods to the dynamical model
establishment of the helicopter. Stating precisely, the first
method is the establishment of a model using first principles.
This method needs accurate instruments and a priori knowl-
edge to obtain the parameters of the helicopter. The result of
the first principles modelling is a set of high-order nonlinear
differential equations that cover a wide portion of the flight

envelope. Although several literatures [4, 5] on the first prin-
ciples modelling of the helicopters are reported, the tech-
nique is regarded as very time consuming and costly.
Hence, these constraints render the first principles modelling
method impractical for many applications.

The other method is the parameter identification tech-
nique. This is a procedure of deriving a mathematical model
based on flight data including the control inputs and mea-
sured outputs. This method is relatively simpler and does
not require lots of instruments and a priori knowledge of
the system. Generally, parameter identification is classified
into two categories: frequency-domain identification and
time-domain identification [6]. The frequency-domain iden-
tification uses frequency sweep experiments to compute the
input-output frequency responses. With these responses,
an estimated model can be obtained. Many works exist in
the frequency-domain identification for helicopters. Metter
et al. [7] and Raptis and Valavanis [8] use a software called
Comprehensive Identification from FrEquency Responses
(CIFER) to identify the linear model for the Yamaha R50
and X-Cell 60 helicopters. However, such an approach may
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be unsatisfactory because it needs the accreditation of CIFER
and lots of frequency sweep experiments. Recently, there has
been a surge of interest in the time-domain identification
for helicopters. Kim et al. [9] uses the prediction error
minimization (PEM) algorithm to estimate the unknown
parameters of a Raptor E620 helicopter. However, PEM
suffers from a high sensitivity of initialization. Combining a
different evolution (DE) algorithm, a hybrid DE-PEM algo-
rithm is developed to overcome the insufficiency of PEM
and enhance its robustness [10]. To a certain extent, the
hybrid algorithm may be a viable option that can combine
the advantages of subalgorithms to acquire a better perfor-
mance. Moreover, some swarm intelligence algorithms have
been employed in the time-domain identification for helicop-
ters. Bian et al. [11] proposes a particle swarm optimization
(PSO) to identify the linear model of a helicopter. Accord-
ing to the literature [12], the entire model is divided into
two subsystems and the genetic algorithm (GA) is intro-
duced to determine the parameters. While conducting
the identification with large-scale parameters, the tradi-
tional warm intelligence algorithms may get stuck in a local
optimum. To avoid the premature convergence of the GA,
Wang et al. [13] apply a chaotic operator to improve its abil-
ity of information exploitation and identified the dynamical
model which is successfully used for controller design. There-
fore, the aforementioned studies make a major contribution
to research on the parameter identification for the helicopter
by displaying the possible methods.

In our study, a hybrid algorithm combining the PEM
with an improved artificial bee colony (IABC) algorithm is
proposed to identify the unknown dynamical parameters of
a Trex-600 small-scale unmanned helicopter. In other words,
the incipient scopes of the unknown parameters are firstly
determined by the PEM. Furthermore, the more accurate
parameters are found by the IABC. To overcome the prema-
ture convergence of the IABC, an adaptive search equation, a
novel probability-scaling method, and a chaotic operator are
adopted. The application of traditional ABC in parameter
identification for an industrial robot has been explored and
interpreted in our previous works [14, 15]. Plainly, the pur-
pose of this study on parameter identification of a helicopter
is to develop generic methods for achieving a high-accuracy
dynamical model by the PEM-IABC algorithm.

A good aerodynamic performance can guarantee the sat-
isfactory flight qualities of the helicopters. For modelling of
the helicopters, previous published studies are limited to an
ideal dynamical model without aerodynamic characteristics.
To obtain these aerodynamic characteristics, computational
fluid dynamic (CFD) or the wind tunnel test are the useful
methods. While the CFD has had a big development over
the past decade, it is treated as a supplement and may never
be a substitute for the wind tunnel test. See [16] for deeper
insight of the wind tunnel test. Consequently, we will design
a wind tunnel test to modify the main rotor time constant of
the identified dynamical model.

The remainder of the paper is organized as follows. In
Section 2, the nonlinear dynamical model of a small-scale
unmanned helicopter is established, including its rigid body
kinematics and dynamics, main rotor dynamics, and yaw

dynamics. Subsequently, this nonlinear dynamical model is
linearized under a trimmed flight condition. In Section 3,
we will highlight the process of the PEM-IABC and give the
methods of experimental data preprocess. Section 4 and
Section 5 present the experimental result of parameter iden-
tification and model modification with the wind tunnel test.
The conclusions are discussed in Section 6.

2. Dynamical Model

In general, the first assumption toward dynamic modeling of
a small-scale unmanned helicopter is to treat it as a rigid
body with six degrees of freedom (DOF) [2]. Figure 1 displays
the linear velocities u, v,w , the angular rates p, q, r , the
attitude angles ϕ, θ, ψ and the main rotor flapping angles
as, bs with respect to the body-fixed frame OBXBYBZB .
The nonlinear rigid body equations of motion for the heli-
copter that describe the vehicle’s translational and rota-
tional motion about the three referenced axes are
deduced by the Newton-Euler equations [17]:

Fx =m u + qw − rv ,
Fy =m v + ru − pw ,
Fz =m w + pv − qu ,
τx = Ixxp − Iyy − Izz qr,

τy = Iyyq − Izz − Iyy pr,

τz = Izzr − Ixx − Iyy pq,

1

where Fx, Fy, Fz represents the components of the force
acted on the helicopter. Similarly, the sum of the external
moments is denoted by τx, τy, τz . And the variable Iσσ is
the inertial moment along the σσ axis.

Obviously, the above equations are described in the
body-fixed frame. As we know, the real motion of the heli-
copter is defined by the orientation and the position of the
body-fixed frame relative to the inertial frame [18]. A rota-
tion matrix using the Euler angles can express the transfor-

mation between the two frames. Denote by vIx, vIy, vIz
T ,

the linear velocity vector with respect to the inertial frame,
one obtains

XB,u,𝜙,p

ZB,w,𝜓,r

YB,v,𝜃,q

OB

bs as

Figure 1: Illustration for the helicopter and coordinates.
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where s ⋅ and c ⋅ are the abbreviations for sin ⋅ and
cos ⋅ , respectively.

Furthermore, the relation between the Euler angles and
the angular rates is given by

ϕ
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0 cϕ −sϕ

0 sϕ
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cϕ
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r

3

The control input vector of the helicopter is defined as
u = ulat, ulon, ucol, uped T . Here, ulat, ulon, ucol, and uped are
lateral cyclic, longitudinal cyclic, collective control, and tail
rotor control inputs, respectively. The simplified main rotor
dynamics can be derived from a couple of first-order flapping
dynamic equations [19]:

as

bs
=

−
as
τs

+ bs ⋅ Ab − q + Alonulon

−
bs
τs

− as ⋅ Ba − p + Blatulat

4

The term τs represents the main rotor time constant, and
it is given by

τs =
16Iβ

Ωmr ρcmrClα,mr0R
4
mr

, 5

where Ωmr denotes the ultimate rotate speed of the main
rotor. Iβ denotes the blade moment of inertia about the flap-
ping hinge. Clα,mr0 is the lift curve slope, ρ is the air density,
cmr is the blade chord length, and Rmr is the rotor radius.
Alon and Blat are constants associating the stick commands
with the blade’s pitch angles.

Finally, the main rotor cross-coupling terms Ab and
Ba are

Ab = −Ba =
8Iβ

ρcmrClα,mr0R
4
mr

λ2β − 1 , 6

where λβ is the frequency.
In the real control of a helicopter, a feedback yaw rate

gyro installed on the helicopter is used to reduce the effect
of the antitorque fluctuation on the yaw response. The yaw
dynamics can be found by the following form [20]:

rfb
r

= Kr

s + K fb
, 7

where rfb is the additional rate feedback term and Kr and K fb
are the parameters to be identified.

Now that all the dynamical models have been
obtained, the equations of motion can be transformed into
a state-space form:

Mx = Fx +Gu, 8

with the state vector

x = u, v, ϕ, θ, ψ, q, p, as, bs,w, r, rfb T , 9

where M contains the rotor constants, the system matrix F
contains the stability derivatives, and the control matrix G
contains the input derivatives.

As already mentioned, equations describing the helicop-
ter motion are nonlinear differential equations. Parameter
identification using this model is difficult and meaningless.
A linearized state-space model of the perturbed states and
control input is obtained by small disturbance theory under
a trimmed flight condition (e.g., hovering/cruise) [9]. Note
that the angular rate of yaw can be considered as a derivative
of the yaw angle in the trim operating condition. In order to
reduce the computational complexity of identification, the
helicopter dynamics are separated into two decoupled sub-
systems, namely, the lateral-longitudinal subsystem and
yaw-heave subsystem. These subsystems are expressed by

xl−l =Al−lxl−l + Bl−lul−l, 10

xy−h =Ay−hxy−h + By−huy−h, 11

where

xl−l = u, v, θ, ϕ, q, p, as, bs T ,

ul−l = ulat, ulon T ,

xy−h = w, r, rfb T ,

uy−h = ucol, uped
T ,

Al−l =

Xu 0 −g 0 0 0 Xa 0
0 Yv 0 −g 0 0 0 Yb

0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
Mu Mv 0 0 Mq 0 Ma Mb

Lu Lv 0 0 0 Lq La Lb

0 0 0 0 −1 Ab −
1
τs

0

0 0 0 0 −Ba −1 0 −
1
τs

,

3International Journal of Aerospace Engineering



Bl−l =

Xlat 0
0 Y lon

0 0
0 0

Mlat Mlon

Llat Llon

Alat 0
0 Blon

,

Ay−h =
Zw Zr 0
Nw Nr N fb

0 Kr −K fb

,

By−h =
Zcol Zped

Ncol Nped

0 0

12

In the matrices above, there are more than 30 unknown
parameters to be identified. Moreover, some parameters are
unable to be directly identified from the actual flight data.
According to the report [8], some assumptions can be
obtained: Xa = −g, Yb = g, Ma = Kβ + TmrHmr /Ixx, Lb =
Kβ + TmrHmr /Iyy, N fb = −Nped, and kfb = −2Nr . Here, g is
the gravitational acceleration, Kβ is the hub stiffness, Tmr is
the main rotor thrust, andHmr is the distance from the center
of the helicopter to the center of the hub.

3. Parameter Identification

3.1. Identification Algorithm. PEM is the usual algorithm for
parameter estimation by minimizing the prediction error.
However, it is extremely sensitive to parameter initialization
which affects it convergence to the global minimum. This
disadvantage can be overcome by integrating the PEM into
ABC optimization. The brief mechanism of the proposed
identified algorithm is given below:

Step 1. The incipient dynamical parameters of the helicopter
are estimated by the PEM. And the detailed process of the
PEM is reported in the literature [21]; it is unnecessary to
repeat the work here.

Step 2. In the ABC algorithm, food sources xij are D dimen-
sional vectors and their values are randomly distributed
between the lower parameter bound xLij and the upper param-

eter bound xUij . xij are randomly generated by

xij = xLij + rand 0, 1 ⋅ xUij − xLij , 13

where i = 1, 2,… ,Np and j = 1, 2,… ,D. Np is the size of the
food sources. rand ⋅ is a random function.

Step 3. New food sources are generated by employed bees.
The size of the food sources is equal to the amount of
employed bees. A new food source vij is close to the cur-

rent food source xTij , which is generated by an adaptive
search equation:

vij = xTij + ω ⋅Φ ⋅ xTij − xTrj ,

ω = ωmax −
ωmax − ωmin

Tmax
⋅ T ,

14

where r ∈ 1, 2⋯,Np . Φ is a random scale factor between -1
and 1. ωmin and ωmax are the minimum and maximum
weight factors, respectively. T and Tmax are the current
and maximum iterations, respectively. To ensure the ABC
convergence to the global optimum, a selection of the
new and current food source is based on the fitness value:

xT+1ij =
vij, fit vij > fit xTij ,

xTij , fit vij ≤ fit xTij ,

fiti =
1

1 + f i
, f i ≥ 0,

1 + abs f i , f i < 0,

15

where fiti is the fitness value. The objective function f i is
described as

f i = 〠
N

i=1

yi − ymi

yi − yi
, 16

where N is the data length, yi is the processed actual flight
data, yi is the mean of yi, and ymi is the estimated data.

Step 4. The food source with optimal fitness value selected by
the onlooker bees is according to a probability. In traditional
ABC, the probability is proportional to the fitness value. After
several iterations, the weak food sources with low quality will
be eliminated. However, these food sources also contain useful
information. Accordingly, a novel probability-scaling method
is proposed to improve the population diversity.

pi =
1/fiti

∑
Np

i=1 1/fiti
17

Step 5. If the fitness value of a food source cannot be improved
during a predetermined number of cycles called limit, then
this food source will be abandoned. And the relevant
employed bees become the scout bees. In the scout bee phase,

4 International Journal of Aerospace Engineering



a chaotic operator is introduced to prevent the ABC falling
into local optimum. The chaotic sequence is generated by

y i+1 j = 4yij 1 − yij ,

xNewi+1 j = xij + R 2y i+1 j − 1 ,
18

where ynj is the chaotic sequence between 0 and 1 except

0.25, 0.5, or 0.75. R is an amplification factor. xNewi+1 j is the

new food source.

Step 6. Output the best solution parameters achieved at the
present time and go back to Step 3 until termination criteria
Tmax is met.

Table 1: Directly measured physical parameters of the Trex-600.

Parameter Value

m 6.400 kg

Ωmr 2200 rpm

Rmr 0.675m

ρ 1.225 kg/m3

cmr 0.150m

Iβ 0.792 kg·m2

Ixx 0.105 kg·m2

Iyy 0.270 kg·m2

Izz 0.249 kg·m2

0 2 4 6 8 10 12 14 16

−0.2

−0.1

0.0

0.1

0.2

u
lo

n

Time (s)

Raw data
Processed data

Figure 4: The processed longitudinal cyclic input.

Table 2: Directly measured physical parameters of the Trex-600.

Algorithm Parameters

GA Np = 20, pm = 0 8, pc = 0 2, Tmax = 20

ABC Np = 20, limit = 20, Tmax = 20

CABC Np = 20, limit = 20, Tmax = 20

PEM-IABC Np = 20, limit = 20, Tmax = 20

Figure 3: Measurement of the inertial moments.

KBARLi-Po Controller Data link GPS Ground station Futaba

Figure 2: The unmanned helicopter experimental platform.
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3.2. Data Collection and Processing. As shown in Figure 2, a
modified Trex-600 unmanned helicopter is adopted as the
experimental platform. It is equipped with a flight controller,
an electronic aileron called KBAR, a couple of data links, a
global positioning system (GPS), and so on. To determine
the dynamical parameters of the model presented in equa-
tions (10) and (11), we propose an integrated method of
parameter identification. The method involves three steps:
direct measurement, parameter estimation using flight data,
and model modification by the wind tunnel test. The third
step will be described in Section 5.

Direct measurement mainly focuses on these physical
parameters such as mass of the helicopter, main rotor
radius, rotor speed, air density, and inertial moment. These
parameters are generally related to the platform geometry,
experimental environment, and loading. For instance, it is
assumed that the principal axes coincide with the axes of
the body-fixed frame; the inertial moment of the helicopter
is measured via the three wire pendulum method [22]. As
depicted in Figure 3, the helicopter is suspended by three
steel wires with equal length. All the directly measured phys-
ical parameters of the Trex-600 are listed in Table 1.

In the flight experiment, the helicopter is controlled to fly
in hover via the ground station. Then, the pilot excites the roll
and pitch channels by the Futaba to obtain the flight data in
the lateral-longitudinal subsystem, and the altitude and yaw
channels are kept in a small range to weaken the coupling
effect from the yaw-heave subsystem. Finally, the flight data
of the yaw-heave subsystem is collected only by exciting the
yaw and altitude channels. The raw flight data consisting of
the input and output are all sampled at the 50Hz frequency
and transmitted to the ground station. To ensure that
the sample size is enough, the flight experiment is repeated
several times.

Since the raw flight data contains some measured
noised and outliers, it is immediately unfit for the parameter

identification. In order to remove the outliers and attenuate
the effect of the noises, a five-spot triple smoothing method
is introduced to process the raw flight data [23]. The method
is given as

n1 =
1
70 69n1 + 4 n2 + n4 − 6n3 − n5 ,

n2 =
1
35 2 n1 + n5 + 27n2 + 12n3 − 8n4 ,

ni =
1
35 −3 nk−2 + nk+2 + 12 nk−1 + nk+1 + 17nk ,

nm−1 =
1
35 2 nm−4 + nm − 8nm−3 + 12nm−2 + 27nm−1 ,

nm = 1
70 −nm−4 + 4 nm−3 + nm−1 − 6nm−2 + 69nm ,

19

where k = 3,… ,m − 2, ni is the raw flight data, and ni is the
processed flight data. The more equation (19) is used, the
smoother the processed curves get. Obviously, excessive use
of the smoothing method will lead to the rise of estimated
error. A processed curve after using the method 5 times is
shown in Figure 4.

4. Experiment Results

With the processed flight data, the unknown dynamical
parameters of the Trex-600 helicopter is estimated by the
proposed PEM-IABC algorithm. The parameter identifica-
tion is conducted in MATLAB 2012b programming environ-
ment on an Intel Core i7-3770 PC running Windows 7. To
avoid the influence of the inherent search randomness on
the identified result, the two subsystems of equations (10)
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(a) Lateral-longitudinal subsystem
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Figure 5: Evolving curves of the four algorithms.
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and (11) are repeatedly identified ten times under the same
condition. Moreover, three other algorithms are taken for
comparison: the genetic algorithm (GA), traditional artificial
bee colony algorithm (ABC), and chaotic artificial bee colony
algorithm (CABC) proposed in the literature [24]. It should
be noted that all the proposed algorithms will identify the
dynamical model based on the incipient parameters deter-
mined by the PEM. The parameters of the algorithms are
listed in Table 2. In GA, the parameters pm and pc are the
cross factor and mutation factor, respectively.

Figures 5(a) and 5(b) show the evolution curves of GA,
ABC, CABC, and PEM-IABC regarding equation (13). Tak-
ing the yaw-heave subsystem as an example, PEM-IABC
begins to converge in the third iteration, faster than the other
algorithms. And PEM-IABC achieves a better result with a
higher objective value of 0.8957. In this regard, the proposed
algorithm has a stronger ability for information exploitation
and a faster rate of evolution than the three other algorithms.

The dynamical parameters of the Trex-600 helicopter
estimated by PEM-IABC are listed in Table 3.

With the estimated parameters and raw input data, the
relevant predicted output can be calculated. The responses
of attitudes, the three-axis linear velocities, and angular
velocities from the four different identified models are shown
in Figures 6, 7, and 8. It is obvious that the four algorithms
can all get a model that matches the trends of the actual data.
Nonetheless, the predicted output generated by PEM-IABC
approximates the actual data best. From the results, the con-
spicuous error appears in the crest and the trough of a curve,
since the algorithm may be trapped into the local optimum.
For p response, the GA, ABC, and CABC trend to the local
optimum from 1 second to 3 seconds. With the adaptive
search equation, novel probability-scaling method, and cha-
otic operator, the PEM-IABC has the ability to jump out of
the local optimum.

To make the comparison clearer, take correlation coeffi-
cient [13] in the identified result for accuracy analysis. As
shown in Table 4, the closer the correlation coefficient is to
unity, the better the identified model is, while if the coeffi-
cient is close to zero, the identified model is poor. Taking
the pitch angle as an example, the correlation coefficient of
PEM-IABC is 14.43%, 8.79%, and 4.02% higher than those
of GA, ABC, and CABC, respectively. Seeing the results,
PEM-IABC can guarantee a high-accuracy model, where
the accuracy issue is of utmost priority.

Remark 1. In our previous work [25], CABC had already
been proposed for the parameter identification of the
small-scale unmanned helicopter. We have discovered that
the population diversity along with data mining ability of
the CABC would decline during the iteration. In particular,
while dealing with the large scale of flight experimental data,
the CABC will become sluggish and may be stuck in the local
optimum. Hence, an adaptive search equation and a novel
probability-scaling method are introduced to enhance the
performance of the CABC, namely, the PEM-IABC. From
the results in Figures 6–8, it can be observed that the identi-
fication precision of the PEM-IABC is higher than the CABC.
Similarly, the correlation coefficient in Table 4 has also con-
firmed the conclusion.

5. Model Modification with the Wind
Tunnel Test

In this section, the identified dynamical model of the helicop-
ter will be modified through the wind tunnel test. The main
rotor time constant τs is related to the curve slope Clα,mr0
regarding equation (5). To enhance the model accuracy, the

Table 3: The values of the estimated parameters.

Parameter Value

Xu -0.0815

Yv -0.0320

Mu -0.4481

Mv 0.3635

Mq 0.1883

Ma 67.3511

Mb -35.2026

Lu 2.4483

Lv -0.9557

Lp -6.4245

La 89.0601

Lb 59.5290

Ab 0.0176

Ba 0.8157

τs -0.3361

Xlat -2.2223

Y lon 3.0389

Mlat -10.0280

Mlon -8.0112

Llat 16.4985

Llon -15.4222

Alat 2.2542

Blat -6.6013

zw -7.5524

zr 3.7360

Nw -1.9998

Nr 0.3287

N fb -0.8233

Kr 5.1198

K fb -0.6573

Zcol -8.3935

Zped 7.2462

Ncol 10.1045

Nped 0.8233
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parameter τs should be modified by measuring the value of
parameter Clα,mr0. The experiment is conducted in the
low-speed wind tunnel laboratory of the Nanjing University
of Aeronautics and Astronautics. As shown in Figure 9, the
helicopter is mounted on the bracket of the NH-2 wind tun-
nel, the aerodynamic data are collected by the mechanical
six-component balance, and the experimental environment
such as air speed or motion of angle device is controlled by
the control center.

To obtain the curve slope of the main rotor, the wind tun-
nel tests are divided into three steps, namely, the blow air test
of the bracket, the blow air test of the full helicopter, and the
blow air test of the main rotor. In the schedule, the test would
be conducted when the wind speed is 0 or 10m/s and the
pitch angle and roll angle of the helicopter which is installed
in the bracket are changed with the step of 2 degrees. The
specific test steps are given as follows:

Step 1 (blow air test of the bracket). As shown in Figure 10,
the bracket without the helicopter is blown in the wind
tunnel when the speed is 0 or 10m/s. The motion of the
bracket is given in Table 5. All the test data are collected
by the control center.

Step 2 (blow air test of the full helicopter). As shown in
Figure 11, the full helicopter is blown in the wind tunnel
when the speed is 0 or 10m/s. Meanwhile, the rotate
speed of the main rotor is set at 1000 rpm, 1400 rpm, and
1800 rpm. The motion of the bracket is given in Table 6.
Hence, 12 groups of experimental data are collected. It
should be noted that the balance must be calibrated before
each test.

Step 3 (blow air test of the main rotor). Since the tail rotor has
a little influence on the aerodynamic performance, the curve
slope of the main rotor can be measured only when blowing
the helicopter without the tail rotor. As shown in Figure 12,
the main rotor is blown in the wind tunnel when the speed
is 0 or 10m/s. The motion in this step is the same as that in
Step 2.

The aerodynamic data of the main rotor are collected and
processed at a frequency of 1000Hz via the TQD-1 processor
and DJS-131 PC machine in real time. The result of the curve
slope Clα,mr0 is shown in Figure 11. With three different
speeds of the main rotor, the curve slope has a linear relation-
ship with the pitch angle. When the helicopter flies in hover
in the flight experiment, the speed of the main rotor mea-
sured by the tachometer is 1397 rpm and the wind speed
measured by the anemometer is 9.82m/s. Also, the pitch
angle and roll angle are approximately equal to zero at this
time. According to Figure 13, the value of the curve slope
Clα,mr0 is about -0.7691 rad-1 under the circumstances. The
τs is calculated as -0.3085 according to equation (5), and
the estimation of τs is -0.3361. As a result, the value of the
main rotor time constant in equation (10) is rewritten as
-0.3085. Note that the error between them is about 8.22%.

Table 4: The comparison of the correlation coefficient.

Parameter GA ABC CABC PEM-IABC

θ 0.8923 0.9114 0.9410 0.9872

ϕ 0.8357 0.8908 0.9373 0.9766

u 0.8796 0.8563 0.9212 0.9647

v 0.8974 0.9046 0.9405 0.9761

w 0.8021 0.8742 0.9124 0.9333

p 0.8125 0.7923 0.8935 0.9085

q 0.7588 0.8266 0.8890 0.8985

r 0.8300 0.8765 0.9053 0.9325

Balance Sensor Angle
device

Filter

Sensor

Data collection Controller

Actuator

PC

Wind tunnel
NH-2 wind tunnel

Six-component balance

Control center

Balance Sensor Angle
device

Filter

Sensor

Data collection Controlle

Actuator

PC

Wind tunnel
NH-2 wind tunnel

Six-component balance

Figure 9: Flow chart of the wind tunnel test.

Figure 10: Blow air test of the bracket.

Table 5: The comparison of the correlation coefficient.

Wind speed (m/s) ϕ (degree) θ (degree)

10 — 0

10 — 0

10 0 —
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It indicates that the results of the parameter identification
are credible.

6. Conclusion

Dynamical model identification of a small-scale unmanned
helicopter based on an integrated approach is given in this
paper. The integrated approach roughly has two parts:
the parameter identification process and the wind tunnel
test. The parameter identification uses a hybrid algorithm
PEM-IABC to optimize the unknown dynamical parameters
of the Trex-600 small-scale unmanned helicopter. The wind
tunnel test is conducted to modify the main rotor time con-
stant of the identified model. Some conclusions are summa-
rized in this paper. One is that the proposed PEM-IABC
has higher identified accuracy when compared with GA,
ABC, and CABC. With the three improved strategies, the

robustness and search efficiency of PEM-IABC have been
enhanced. Another is that the process of the wind tunnel test
for the helicopter is presented. Based on the experimental
result, it proves the credibility of the proposed parameter iden-
tification. In the future, we will continue to study the design of
the control law based on the identified dynamical model.

Data Availability

The figures and tables used to support the findings of
this study are available from the corresponding author
upon request.

(a) θ = 10∘ (b) θ = −10∘

(c) ϕ = 8∘ (d) ϕ = −8∘

Figure 11: Blow air test of the full helicopter.

Figure 12: Blow air test of the main rotor.
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Figure 13: The value of the curve slope.

Table 6: The experimental scheme of the bracket experiment.

Wind speed (m/s) ϕ (degree) θ (degree)

0
−10 ∼ 10 0

0 −8 ∼ 8

10
−10 ∼ 10 0

0 −8 ∼ 8
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