
Longitudinal Handling Quality Analysis of a Civil Transport
Aircraft Encountering Turbulence

Ming-Hao Yang∗ and Cjing-Shun Ho†

National Cheng Kung University, Tainan 701, Taiwan, Republic of China

C. Edward Lan‡

University of Kansas, Lawrence, Kansas 66045

and

Fei-Bin Hsiao§

National Cheng Kung University, Tainan 701, Taiwan, Republic of China

DOI: 10.2514/1.44631

The objective of this study is to analyze an aircraft’s longitudinal aerodynamic characteristics and flight handling

quality in the short-period mode by using flight data recorder data from a civil transport aircraft encountering

turbulence. The extended Kalman filter is used to enhance the quality of the recorded data through a kinematics

compatibility check and, simultaneously, estimate some unrecorded parameters. In addition, the turbofan engine’s

thrust is estimated with a newly established thrust model using the flight data recorder data, whereas the coefficients

of aerodynamic forces and moments are evaluated with the aircraft’s dynamics equations. The aircraft’s

longitudinal aerodynamic derivatives are then estimated by a neural network method based on radial-based

functions. The results for thisflight show that the short-perioddynamic characteristic of the aircraft is stable, but that

the flight handling quality degrades to Level 3.

Nomenclature

CL, CD, Cm = lift, drag, and pitching moment coefficient
CL;D;m;x = lift, drag, and pitching moment coefficient

due to state x
p, q, r = body rotation rate with respect to the x, y,

and z axes
S = wing area
� = angle of attack or engine bypass ratio
�e = elevator deflection angle
�s = stabilizer for pitch trim
n� = normal load factor per unit angle of attack
� = air density

I. Introduction

I N GENERAL, aircraft stability depicts whether the motion will
diverge when the aircraft encounters the disturbance from its

equilibrium state. The flight handling quality describes whether it is
easy for a pilot to accomplish the assigned task at different flight
phases. These two criteria are important for aircraft designers to
verify that the aircraft is controllable without a huge workload for a
pilot. In any aircraft accident investigation, the investigators find the
clues about flight operation, aircraft motion, and system conditions
from the flight data recorder (FDR). Because of the limitation of the

aircraft’s navigation system and the recordingmedia capability of the
FDR, sometimes there are insufficient data for investigators to
performa thorough investigation.Asa result, the investigators have to
use other tools, such as the training/engineering-based simulators, for
further aircraft performance and stability analysis [1]. The training/
engineering simulators are based on the certificated aerodynamic
characteristics from the static wind-tunnel and flight-test results.
These data are not capable of describing the nonlinear dynamic flight
conditions in accident flight or in adverse weather encounters. Aside
from the analysis of stability and performance, the investigators have
not employed the flight handling quality analysis in the accident
investigation to evaluate the workload. This paper wants to develop
methodologies to analyze the aircraft’s handling quality degradation.

Nowadays, the study of aircraft encountering atmospheric
turbulence focuses on the prediction of the vertical acceleration to
avoid injuries to flight attendants and passengers. Buck et al. [2]
used five linear dynamic models with the aerodynamic derivatives
from a simulator to predict the transient vertical acceleration.
Because of the nonlinearity and unsteadiness aerodynamics, the
transient response could not match the flight-test data well.
According to Pollak and Lan’s [3] research on calculating the effect
of freestream turbulence on a delta wing by computational fluid
dynamics (CFD), the lift curve slope and maximum lift coefficient
degrade because of the increased boundary layer near a solid
surface. Because it is not easy to model directly the atmospheric
turbulence in CFD calculations, a useful alternative to determine the
effect of atmospheric turbulence on aerodynamic characteristics is
to extract the latter from flight data.

However, to extract aerodynamics from flight data in atmospheric
turbulence, a reliable method is needed. For decades, the maximum
likelihood and least-squares methods have been the dominant
approaches in aerodynamic parameter identification. To accom-
modate more complex problems in some recent studies, the aircraft
aerodynamic derivatives have been estimated by neural networks. In
most of these studies, the feedforward neural networks (FFNNs)
have been used to model the flight dynamics and estimate the
aerodynamic derivatives directly without dealing with the noise and
bias of the flight data [4]. It is a time-consuming process to find a
suitable number of hidden layers, hidden nodes, types of activation
functions, and iteration times to avoid the bias and noise affecting the
learning results by overfitting.
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In the present study, the extended Kalman filter (EKF), thrust
model, and the radial-based function neural network (RBFNN) are
applied to estimate the civil transport aircraft’s longitudinal aero-
dynamic derivatives and the estimation results are used to evaluate
its flight handling quality from a civil transport aircraft’s FDR-
recorded flight data. Because the subject aircraft encountered
atmospheric turbulence, the turbulence index (TI) is used to
diagnose the severity of the environment. The EKF is performed as
a kinematics compatibility check. The thrust force of turbofan
engines will also be estimated by a thrust model using FDR-
recorded engine-related data. Then the aerodynamic coefficients
are obtained and used as learning targets for the RBFNN to model
the aircraft’s longitudinal aerodynamic characteristics and estimate
the aerodynamic derivatives. The stability and flight handling
quality are evaluated by using the reduced-order longitudinal
motion of the short-period mode for the aircraft response in atmo-
spheric turbulence.

II. Aerodynamic Derivatives and Flight Handling
Quality Estimation from Flight Data

A. Required Accuracy of Flight Data

For civil transport aircraft, the recorded flight data is measured or
calculated in the navigation system and transmitted to the data bus in
the ARINC 429 format. The flight data acquisition units collect the
data and convert them into the ARINC 542, 542A, 573, 717, and 747
formats, and the data record. The error sources of the readout FDR
data are from the characteristics, installation, calibration of the
sensors, A/D conversion process, wiring configurations, and readout
documents. Referring to International Civil Aviation Organization
(ICAO) Annex 6, ED56A and ED112, the maximum tolerance range
of errors for FDR data are listed in Table 1 [5]. Therefore, when
investigators want to estimate unrecorded flight or further analysis
based on the onboard flight data, they have to consider the bias and
noise of recorded flight data.

B. Aerodynamic Derivatives Estimation

Aerodynamic derivatives are used to describe the contributions of
the aerodynamic forces and moments to aircraft flight dyn-
amics. There are three methods used to estimate the aerodynamic
derivatives.

1. Approximate Mathematical Model

The approximate mathematical model is the simplest and least
accurate method, and is often employed in the aircraft preliminary
design to evaluate the flight stability. The values of the aerodynamic
derivatives are estimated from mathematical formulas, tables, or
charts that have been obtained from previous experiments and/or
theoretical estimation, and may have been digitized. The most
popular sources are the Engineering Sciences Data Unit and the U.S.
Air Force DATCOM.

2. Wind-Tunnel Measurements

In wind-tunnel measurements, reduced-scale models of aircraft
are tested.With the six-component balances, the aerodynamic forces
and moments in a uniform wind condition in the tunnel can be
measured. The tests are performed at different tunnel wind velocities

(Reynolds numbers), angles of attack, and sideslip angles to simulate
the aircraft static flight conditions. For the civil transport aircraft, the
airframe designers are not specifically required to undertake the
dynamic testing. Therefore, when an aircraft is in a highly dynamic
situation, the nonlinear dynamic characteristics of the aircraft may be
dominant, and the static test results are unreliable to describe the
dynamic situation. Recently, rotary balance tests have been
introduced in the dynamic wind-tunnel tests for civil aircraft. The
rotary balance test is typically conducted at a very low Reynolds
number, with the results used mainly in estimating the developed
spin modes of general aviation and military aircraft. In addition,
dynamic aerodynamic derivatives for a civil transport aircraft have
also been acquired recently through the forced oscillation test at low
speeds and low Reynolds numbers. However, how useful these
dynamic data are in accident flight reconstruction and in describing
the aircraft response in severe atmospheric turbulence encounters has
yet to be verified. Therefore, for the time being it is imperative to
estimate the aerodynamic derivatives from flight data for accident
flight investigation.

3. Flight-Test Measurements

In flight-test measurements, a parameter identification method is
still needed. In the late 1960s, flight-test measurements were
developed at NASA and some flight-test research centers [6]. As the
computer calculation speed and system identification technology has
improved, the aerodynamic derivative identification method has also
evolved in complexity. The calculation method started from the least
squares to the Newton–Raphson and then evolved to the maximum
likelihood [7]. The aerodynamics to be identified has progressed
from a linear to a nonlinear one. Today, the maximum likelihood is
still widely used in this field [8]. No matter which identification
method is used, the estimation is mostly based on a small disturbance
theory, by building up the aerodynamics from the equilibrium or trim
at a specific flight condition. The aerodynamic derivatives from this
method represent the quasi-steady values at the equilibrium states.
Note that abnormal flight conditions outside the flight envelope are
not flight tested, so that the flight-test data are still inadequate for
accident investigation.

The aerodynamic characteristics derived from the aforementioned
methods are reasonable in the normal operation. When an aircraft
encounters adverse weather, such as severe atmospheric turbulence,
or in a loss-of-control situation, the associated aerodynamics is
expected to be highly nonlinear and dynamic in nature. Therefore, an
appropriate identification method must be capable of handling more
complex phenomena. One such method is based on an artificial
intelligence technique [9].

C. Flight Handling Qualities

The flying and handling qualities of an aircraft are described as
the acceptability and suitability for safe and efficient control by
pilots to execute flight tasks. These two qualities are described
qualitatively and are formulated in terms of pilot opinions. From the
pilot’s point of view, the flying quality is regarded as how well an
aircraft responds to the pilot’s command. The two qualities are
interdependent and are probably inseparable. Therefore, the flying
and handling qualities are frequently referred to as flight handling
quality. The pilot’s perception of the flight handling quality of an
aircraft is influenced by many factors, such as the stability, control,
and dynamic characteristics of the airframe; flight control system
dynamics; response to atmospheric disturbance; and cockpit design.
The engineering criteria of the flight handling qualities include a
low-order equivalent system/control anticipation parameter (CAP),
bandwidth, time response, dropback, Nichols Chart, and Neal–
Smith. The aforementioned criteria are based on analysis in the
frequency domain and transfer functions, verified on the ground-
based simulators, and flight-tested inside the flight envelope. The
present analysis focuses on the aircraft aerodynamics and flight
dynamics, and flight handling quality in encountering atmospheric
turbulence. The parameters, used to describe the motion of aircraft,

Table 1 Error tolerance ranges for recorded flight data

referring to ED112

Parameter Accuracy Parameter Accuracy

Attitude �2 deg Normal acceleration �0:05 g
Airspeed �3% Lat. acceleration �0:05 g
Ground speed Depend Long. acceleration �0:05 g
Drift angle Depend Total air temperature �2�C
Wind speed Depend AOA Depend
Wind dir. Depend Lat./Long. Depend
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are estimated from the recorded flight data to represent the real
dynamic situations of the aircraft.

When the aircraft encounters atmospheric turbulence, the
buffeting of the airframe and its effect on the pitching attitude and
angle of attackmay cause the aerodynamics to be highly nonlinear or,
in the worst situation, the aircraft becoming unstable. With regard to
the aircraft flight dynamics, the resulting aerodynamic environment
may cause the pilots to lose control of the longitudinal short-period
mode of aircraft. Therefore, in the present study the longitudinal
short-period mode is analyzed based on the damping ratio and
undamped natural frequency of the reduced-order longitudinal
equations of motion. The CAP index and normal load factor per unit
angle of attack, n�, are used to depict the degradation of the flight
handling quality.

III. Methodology

In the present study, the bias and noise of the recordedflight data of
a civil transport aircraft are filtered out by performing a kinematics
compatibility check through EKF. In this way, the unrecorded flight
data, such as sideslip angle, three-dimensional winds, etc., are
derived or improved in data quality. The severity of encountering
atmospheric turbulence is diagnosed by the EDR index, evaluated by
flight data. Then, the thrust forces are derived from the thrust model
and the FDR-recorded flight data for turbofan engines. Once the
flight data and thrust forces are estimated, the aerodynamic force and
moment of the aircraft on the body axes are derived by plugging the
flight states and thrust forces into the nonlinear flight dynamic
equations. The aerodynamic forces are then translated into wind
axes. In most cases when an aircraft encounters atmosphere
turbulence, the onboard passengers and flight crew suffer injuries
because of the rapid bumping of the aircraft in a longitudinal motion.
Therefore, this study focuses on the analysis of the aircraft’s longi-
tudinal characteristics. To analyze the degradation of longitudinal
aerodynamic characteristics, the longitudinal aerodynamic deriva-
tives are modeled by the RBFNN. After obtaining the longitudinal
aerodynamic derivatives, the damping ratio, undamped natural
frequency, CAP, and n� are estimated and used to evaluate the
longitudinal flight handling quality. In the following paragraphs, the
EKF, atmospheric turbulence strength identification, thrust model,
and radial-based function neural network employed in this study will
be discussed.

A. Extended Kalman Filter

The EKF can be applied to the nonlinear optimal estimation. It
uses the system’s observations, measurements, system’s dynamics,
and measurement’s dynamics to estimate the noise and bias
embedded in the measurements and estimate system parameters.
EKF applies sequential and recursive processes by linear minimum
variance theory [10]. The nonlinear stochastic differential and
measurement equations map the states and measurements at time
k � 1 to k can be described as

XK � f�XK�1; k � 1� � g�Xk�1; k � 1�wk�1 k� 0; 1; 2:

Zk � h�XK; k� � vk k� 1; 2 (1)

wherewk and vk denote the processing andmeasurement noise of the
system.

The a priori error covariance matrix, P�k , is defined as the
difference between the true state (Xk) and the predicted state at time k,
and can be formed as

P�k � E��Xk � X
_

k�����Xk � X
_

k����T 	 ��k�1Pk�1�
T
k�1

�Gk�1Qk�1Gk�1 (2)

where X
_

k��� is a previous estimate of the system state at k, derived
from the estimated state at time k � 1 from the state transition matrix

�k�1 �
@f�x; k � 1�

@x

����
x�x_k�1

(3)

where Q is the expected value of processing noise, defined as
E�wkwTk �.

The EKF uses the Kalman filter gain, K, to adjust and update the

system state at time k by the X
_

k���, and the system predicted
measurements and measured values.

X
_

k��� � X
_

k��� � K�Zk � Z
_

k� (4)

The Kalman filter gain is a function of an a priori error covariance
matrix, system measurement dynamic matrix,

�
Hk �

@h�x; k � 1�
@x

����
x�X

_

k�1

�
(5)

and measurement noise (Rk � E�vkv�1k �). The final expression for
the gain is

K � P�k HT
k �HkP

�
k H

T
k � Rk��1 (6)

Through this calculation process, the error covariance matrix is
minimized to result in

Pk � �I � KHk�P�1k (7)

The flight data for this study are divided into two groups: inertial
and pneumatic. The pneumatic data are corrected by quasi
nonhydrostatic to obtain the true airspeed. Toverify that the noise and
bias of estimated states are removed, the estimated results are used to
recalculate the states of aircraft by plugging them into the nonlinear
flight kinematics equations, and observe whether the estimated
results are converging to and approaching the recorded flight data.
After the aforementioned procedures are done, the wind speed and
wind direction are calculated from the difference between the ground
speed and true airspeed.

B. Atmospheric Turbulence Strength Identification

The atmospheric turbulence strength can be estimated by the
fluctuation of vertical acceleration, the EDR, and the vertical wind
variation [11]. The instantaneous peak and root mean square values
can be used to indicate the severity of atmospheric turbulence in these
three indexes. According to ICAO and World Meteorological
Organization documents in 2006, the automatic pilot reporting
system is basedonTI todefine the severity of atmospheric turbulence.
Thevalue ofTI is defined in terms of the instantaneous and rms values
of EDR, and the severity is related to them as follows [12]:

Severe: TI� 15to27; Peak EDR> 0:5

Moderate: TI� 6to14; 0:3< Peak EDR< 0:5

Light: TI� 1to5; 0:1< Peak EDR< 0:3

None: TI� 0; Peak EDR< 0:1

EDR describes the dissipation of turbulence kinetic energy, and
the value of EDR can be estimated from the aircraft response to the
vertical wind in the frequency domain as follows:

� �Z�f� � jH �Z�f�j2�w�f� (8)

where �w�f� is the vertical wind component of turbulence at
frequency f, jH �Z�f�j is the transfer function of aircraft response, and
��z�f� is the aircraft response in vertical acceleration. Using von
Karman’s power spectral density, and the integral for the rms, EDR
(") can be approximated as
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"2�t� � �2�t�
0:7V2=3I0�t� (9)

C. Thrust Model for Turbofan Engine

In reality, the thrust force should vary with dynamic flight
variables and turbulence strength. However, the functional relation
requires further research and is beyond the scope of this paper. For the
present purpose, it is assumed that thrust affects only the aircraft pitch
trim, but not the aerodynamic derivatives, the slopes of aerodynamic
forces and moments. The engine thrust in this study is calculated
from a static thrust model to be developed and the FDR data. The
recorded data includes the engine pressure ratio (EPR), engine
exhaust temperature, N1 and N2. The nozzle exit temperature is
assumed to be the same as the FDR-recorded exhaust gas
temperature (EGT). As a result, the time lag between the pilot
command, engine response, and engine health problems are ignored.

The subject aircraft is equipped with PW4159 turbofan engines.
The bypass ratio (�) and the fan pressure ratio (FPR) for these
engines are 4.8 and 1.73, respectively. The thrust force of the
turbofan engine is calculated by using the momentum principle with
contributions from the core engine and fan section and can be shown
to be [13]

T

_m0

� a0
1� �

�
Vec
a0
�Ma0 � �

�
Vef
a0
�Ma0

��
(10)

where _m0 is the mass flow rate,Ma0 is the flight Mach number, a0 is
the flight speed, Vec is the effective exhaust velocity in the core flow,
Vef is the effective exhaust velocity in the fan flow. These two
velocities are estimated from the Eq. (11) and (12)

�
Vec
a0

�
2

� 2EGT

T0�� � 1�

��
EPR 
 Pt0

P0

�
��1=�

� 1

�
(11)

�
Vef
a0

�
2

� 2

� � 1

��
Pt0
P0

FPR

N2

�
��1=�

� 1

�
(12)

Pt0=P0 is the total to static pressure ratio of the freestream before
entering to the engine, and T0 is the static temperature of the
freestream.

D. Radial-Based Function Neural Network

The learningmechanism for theRBFNN is based onweighting the
distance between the input and the centers of the radial-based
function to fit the desired output. It is similar to the definition of
quasi-steady aerodynamic derivatives,whichwere defined relative to
the equilibrium flight condition. The centers of the radial-based
function for various segments of flight data were similar to the
equilibrium states at different flight phases or segments.

RBFNN is a type of feedforward NN. The structure of RBFNN
consists of three layers: input, hidden layer, and output layer. The
hidden layer is a radial-based function and measures the distance
between the input andweighted distance. Theweighted distances are
summed and compared to the target value [14,15]. These depictions
are written as

y�p� �
XM
j�1

wj 
 ��kx�p� � cjk� � w0 (13)

where y�p� is the learning result of the RBFNN at time p, ��kx �
cjk� is the radial-based function, x�p� is the input vector of the flight
state, cj is the center of the jth neuron at the hidden layer, wj is the
weighting, and w0 is the bias. In this study, the Gaussian function is
used as the radial-based function:

��kx�p� � cjk� � exp

�
�
kx�p� � cjk2

2�2j

�
(14)

where �j is standard deviation, defined as the shape of the radial-
based function.

The steepest learning rule is applied to the RBFNN. In the learning
process, wj, cj, and �j in Eq. (15) have to be corrected with the
learning rate ��1�3� to minimize the learning error.

�wj�p� � �1e�p���kx�p� � cj�p�k�

�cj�p� � �2
wj�p�e�p�
�2j �p�

��kx�p� � cj�p�k��x�p� � cj�p�

��j�p� � �3
wj�p�e�p�
�3j �p�

��kx�p� � cj�p�k��x�p� � cj�p��2 (15)

The nonlinearity and accuracy of RBFNN are controlled by the
numbers of neurons and their centers. When the number of centers is
increased, the learning results will be mired in the local minimum of
the learning error. Therefore, the suitable initial value of the centers
of the radial function and weightings are determined by the fuzzy c-
means (FCM) and orthogonal least-squares (OLS) algorithm. In this
study, the initial values of the RBFNN for the lift and drag
coefficients are determined by the FCM and the pitching moment
coefficient is set by the OLS. The FCM is a method of clustering,
allowing a piece of data to belong to more than one cluster. The
partitioning of FCM is carried out through an iterative optimization
of the objective function by updating the membership and the center
of the jth neuron. The center point is not necessary from the input
state of the flight data. Instead, every input datum is considered as the
center of the jth neuron for the OLS method. The OLS method will
use orthogonal least squares to minimize the objective function
through repeating orthogonal least-squares calculations to choose
the centers of the neuron. In this way, the OLS is a time-consuming
process to find the suitable initial condition for the RBFNN.

E. Decoupled Longitudinal Equations of Motion

Basically, the linearized decoupled aircraft longitudinal dynamics
are described by the following three equations of motion:

m _u � X
o

_w _w� X
o

uu� X
o

ww� �X
o

q �mWe�q �mg� cos �e � X
o

��

m _w � Z
o

_w _w� Z
o

uu� Z
o

ww� �Z
o

q �mUe�q �mg� sin �e � Z
o

��

Iy _q �M
o

_w _w�M
o

uu�M
o

ww�M
o

qq�M
o

�� (16)

where the X, Z, andM are the axial force for the drag, normal force,

and pitching moment, respectively. The subscript states for the X
o

, Z
o

,

and M
o

are the dimensional aerodynamic derivatives related to the
states on the body axes.

With� defined in the following, Eq. (17) is multiplied by��1 and
rearranged in form of _x�t� � Ax�t� � Bx�t� to result in

��

m �X
o

_w 0 0

0 �m � Z
o

_w� 0 0

0 �M
o

_w Iy 0

0 0 0 1

2
6664

3
7775

_w
_q
_�

2
4

3
5�

zw zq z�
mw mq m�

0 1 0

2
4

3
5 w

q
�

2
4

3
5�

z�
m�

0

2
4

3
5� (17)

where zw, zq, z�, mw, mq, and m� are defined as the concise form of
aerodynamic derivatives. The short-period mode is typically a
damped oscillation in pitch about the body y axis in normal flight
conditions. Themainmotionvariables include the angle of attack, the
pitch rate, and the pitch angle. If we assume the aircraft is in steady
level flight, the equation of motion is therefore

_w
_q

� �
� zw zq

mw mq

� �
w
q

� �
(18)
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Equation (19) is similar to a second-order vibration equation, with
the natural frequency and damping ratio given by

!sp �
��������������������������������
�mqzw �mwzq�

q
; 2	sp!sp ���mq � zw� (19)

The short-period transfer functions describing the pitch rate, angle
of attack, and normal acceleration response to an elevator control
input, respectively, are given as follows:

_q�s�
��s� �

m�s�s � zw�
�s2 � �mq � zw�s�mqzw �mwzq�

(20)

az�s�
��s� �

m�zwu0
�s2 � �mq � zw�s�mqzw �mwzq�

(21)

��s�
��s� �

z�
u0
�s� u0

m�
z�
�

�s2 � �mq � zw�s�mqzw �mwzq�
(22)

For the flight handling quality criteria, the normal load factor per
unit angle of attack (n�) and CAP are defined as follows [16]:

n� �
nz�t�
��t�

����
ss

�� zwu0
g
� u0
gT�2

(23)

CAP � _q�0�
nz�1�

� �
g!2

sp

zwu0
�
g!2

spT�2
u0

(24)

IV. Numerical Results

A. Turbulence Strength Identification

The rms timewindow of the EDRwas 5 s. The instantaneous peak
and rms of the EDR are denoted by EDRINST and EDRRMS spatially.
The results are shown in Fig. 1. They show that the aircraft
encountered the turbulence the first time at 240–270 s. The most
severe turbulence at thefirst time is at 256 s.At that time, theEDRINST

is 0.557, the EDRRMS is 0.436, and the TI is 19. Therefore, the
encountered turbulence is classified as “severe.”

B. Estimation of Flight Data and Thrust Force

To estimate the unrecorded flight data and remove the noise and
bias of the recorded flight data, the EKF was used as a kinematics
consistency check, as indicated earlier. The state transition and
measurement matrix for EKF are the partial differential equations of
nonlinear kinematics equations offlight dynamics. The thrust force is

estimated by inserting the FDR-recorded flight data and the
dimension of the engine into Eqs. (10–12) of the thrust model. Then
the aerodynamic coefficients are estimated from the dynamic
equations of motion. The time history for the lift coefficient (CL),
drag coefficient (CD), side force coefficient (CY ), pitching moment
coefficient (Cm), rolling moment coefficient (Cl), and yawing
moment coefficient (Cn) are shown in Fig. 2.

The horizontal wind speed and direction with a 0.25 sampling
rate are also available from the data recorder but without the vertical
wind information. The sampling rate is not enough to know the
turbulence wind field. Through the EKF, the three-dimensional
wind field could be derived with a higher sampling rate. Figure 3
depicts the estimation results of the three-dimensional wind field
along the flight track and the recorded horizontal wind infor-
mation at the navigation axis. According to the calculated three-
dimensional wind field, the minimum and maximum values of wind
speed normal to the horizontal plane are �9:8 and 36 kt,
respectively, (see Fig. 3), and the covariance for the derived and
recorded horizontal wind speed is about 96.5%.

C. Aircraft Longitudinal Aerodynamic Derivatives

The aerodynamic derivatives are estimated by the RBFNN. The
input vector for the RBFNN is the flight states, estimated by the EKF.
The longitudinal aerodynamic coefficients are used as the learning
targets. In this way, the mathematical descriptions of the aircraft’s
longitudinal forces and moments are not necessary to find in this
study. In this way, some coupling and high-order terms of the aero-
dynamic derivatives could be estimated. Furthermore, the aero-
dynamic derivatives are based on the wind axes, instead of the body
axes, for the aerodynamic-forces-related derivatives, because it is
much easier to judgewhether the structure of RBFNN is correct. The
primary focus of this paper is to evaluate the handling quality of the
civil transport aircraft by the aircraft’s longitudinal reduced-order
motion. Therefore, the coupling and high-order terms of aero-
dynamic derivatives will not be examined.

The input states for the longitudinal aerodynamic forces co-
efficients are affected by Mach number (Ma) time rate of magni-
tude of the vertical wind component (ww), rotational rates at the body
axes �p; q; r� and their time rates ( _p, _q, _r), angle of attack (�) and its

rate ( _�), sideslip angle (
) and its rate ( _
), and the stabilizer for pitch
trim (�s). Those parameters are the input states for the RBFNN. The
elevator effects onCL andCD are ignored in the present study. On the
other hand, for the pitching-moment-related derivatives, the elevator
deflection is considered as an important contributing variable. The
longitudinal aerodynamic coefficients of these variables are modeled
byRBFNN.The longitudinal aerodynamic derivativeswill be used to
evaluate the stability andflight handlingquality.The estimated results
of aerodynamic derivatives are depicted in Fig. 4.

Fig. 1 EDR: a) instantaneous peak value, and b) rms value.
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About a quarter of the whole flight data is used in the learning
phase and then the whole flight data are used to validate whether
the learning results of RBFNN could represent the longitudinal
dynamics of aircraft. The initial values of the centers of the radial-
based function andweightings are determined by the FCMalgorithm
for the learning of the lift and drag coefficients and theOLSmethod is
applied for the learning of the pitching moment modeling. After the
learning results from the network structure can track the target
values, then the aerodynamic derivatives are estimated. The aero-
dynamic derivatives estimation from RBFNN is similar to
performing the sensitivity analysis for the RBFNN. The sensitivity
is used to check the degree of the learning result being affected by
specific input parameters. If the longitudinal aerodynamic coefficient
due to a specific state is xi�p�, and the increase is �xi�p�, then the
total input should be x�p� ��xi�p� and its learning result from the
RBFNN is y�p�jx�p���xi�p�. Therefore, the longitudinal aerodynamic
coefficient due to the specific state could be derived as follows:

y�p�jx�p���xi�p� � y�p�
�x�p� ��xi�p�� � x�p�

�
y�p�jx�p���xi�p� � y�p�

�xi�p�
(25)

The nonlinearity of RBFNN is affected by the number of neurons
in the hidden layer.As the number of neurons increases, it willmake a
betterfit between the learning results and targets and also increase the

sensitivity of the RBFNN and affect the aerodynamic derivatives.
The nonlinearity will make the structure of the network converge to
the local minimum. The situation not only increases the standard
deviation of the aerodynamic derivatives but also affects the values of
the aerodynamic derivatives. Therefore, the suitable number of
neurons is judged by thefitting results and themagnitude and the sign
of the aerodynamic derivatives. Because the actual aerodynamic
derivatives for the subject airplane are not available, the following
results for theConvair 880 andBoeing 747, listed in Table 2 [17],will
be used for comparison, because the weight of the subject aircraft
falls between these two types of aircraft.

1. Derivatives of Lift Coefficient

Before encountering atmospheric turbulence, the subject aircraft
was operating normally in cruise conditions. The flight level, which
is the nominal altitude in feet and divided by 100, was 330, and the
Ma was 0.78. Before encountering atmospheric turbulence, the
average values of CL�, CL�s, CL
, and CLMa are 4.47, 0.189,
�0:016, and �0:0098, respectively. Compared to the results in
Table 2, the values of CL� and CL�e for the Convair 880 are 4.8 and
0.19 at a Mach number of 0.8, and the values for the Boeing 747 are
5.5 and 0.33, respectively. Therefore, the estimated results are
reasonable and are in the range for these two types of aircraft in
cruise conditions.

Fig. 2 Time history for the aerodynamic coefficients.

Fig. 3 Estimated results for the three-dimensional wind fields.
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When the subject aircraft flew into the atmospheric turbulence,
CL� varied from 5.17 to 0.41. The value ofCL�s varied from 0.189 to
0.001. From these results, the effectiveness of lift force due to the
stabilizer for this case was decreasing. Therefore, the control power
of the stabilizer, Cm�s, was expected to decrease as well. The lift
coefficient related derivatives are shown in Fig. 4.

2. Derivatives of Drag Coefficient

Before encountering the atmospheric turbulence, the average
values of CD�, CD�s, and CD
 were 0.48, 0.0001, and �0:003,
respectively. In Table 2, the values of CD� for Convair 880 and
Boeing 747 are 0.15 and 0.47, respectively, at aMach number of 0.8.
Therefore, the estimated results are in the range for these two types of
aircraft in cruise conditions. The magnitude of drag derivatives were
also very small except for CD�. As a result, these small terms are
neglected in the following study.

With the aircraft in atmospheric turbulence, the values of CD�
varied in the range of 0.6–0.28. The drag coefficient derivative with
stabilizer angle is not significant. The drag coefficients related
derivatives are depicted in Fig. 5.

3. Derivatives of Pitching Moment Coefficient

Figure 6 shows some estimated derivatives of the pitchingmoment
coefficient. Before encountering atmospheric turbulence, the
average value of Cm� is �0:337, Cm�s is �2:79, Cm�e is �1:12, and
Cmq is�5:56. In [12],Cm�e is�0:58 at a Mach number of 0.8 for the
Convair 880, whereas the value for the Boeing 747 at aMach number
of 0.9 is �1:2. When the aircraft encountered atmospheric
turbulence, the values of Cm�, Cm�s, and Cm�e ranged from �0:02 to
�0:44,�2:92 to�0:05, and�1:64 to 0.11, respectively. It should be
noted that the pitching moment derivatives depend on the location of
the center of gravity.

The pitching moment coefficient due to angle of attack represents
the static stability of the aircraft, the value being negative during
normal operation. For the severe atmospheric turbulence case,
although the aircraft is still statically stable, the static stability was
decreasing and degraded by up to 96%. In addition, Cm�s and Cm�e,
representing the pitching control power from the stabilizer and
elevator, alsodecreased inmagnitude. In thepresent study, the sign for
Cm�e is changed from negative to positive. Referring to Eqs. (20–22),
thesignchangeofCm�emeansasignificantandoppositephasedelayin
theelevator control relative to themotion. If thepilot applies control to

Table 2 Some the longitudinal aerodynamic derivatives

of Convair 880 and Boeing 747

CL� CD� Cm� Cm�e Cmq CL�e
Convair 880

Ma� 0:8 4.8 0.15 �0:65 �0:57 �4:5 0.19
Boeing 747

Ma� 0:9 5.5 0.47 �1:6 �1:2 �25 0.3

Fig. 4 Some of the lift-coefficient-related aerodynamic derivatives estimated by RBFNN.

Fig. 5 Some of the drag-coefficient-related aerodynamic derivatives estimated by RBFNN.
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the aircraft at this moment, the motion from the pilot’s control to the
aircraftwouldbeoppositeofwhat isneeded. In theworst situation, this
phenomenon may cause pilot induced oscillation (PIO).

D. Aircraft Stability and Flight Handling Quality Analysis

The aerodynamic derivatives listed in Eq. (18) are based on the
body axes. Except for the pitching moment derivatives, the aero-
dynamic force derivatives, estimating from theRBFNN in the present
study, are based on the wind axes. Therefore, the lift and drag
derivatives have to be transformed into the body axes. In addition, the
derivatives due tow and _w are replaced by the derivatives due to� and
_� by using���w=u0. In addition, the aerodynamic derivatives due
to the axial velocity on thewind axes are functions of the aerodynamic
force coefficient, the force coefficient derivatives with the Mach
number, and the Mach number itself. For example, the lift derivative
due to axial velocity is can be represented as follows:

L
o

u �
@�1=2�u20SCL�

@u
� �uoSCL �

1

2
�uoS

1

Ma0

@CL
@Ma

� �uoSCL

� 1

2
�uoS

1

Ma0

CLMa (26)

According to the definition of flight phases in flight handling
quality, the subject aircraft in cruise conditions should belong to

CategoryB.After obtaining the aerodynamic derivatives on the body
axes, the undamped natural frequency and damping ratio can be
obtained from Eq. (19) and plotted as shown in Fig. 7. The positive
damping ratio in the present study represents the stable damping
(Fig. 7b). Therefore, the eigenvalues of the short-period motion are
on the left-hand side of the imaginary axis, and the aircraft short-
period mode is stable in the atmospheric turbulence. Before
encountering turbulence, the average value of undamped natural
frequency is 2:01 rad=s, and the averagevalue of the damping ratio is
0.334. In the present atmospheric turbulence, the variation of
undamped natural frequency ranges from 0.43 to 2:55 rad=s, and the
damping ratio ranges from 0.09 to 1.42. Referring to the thumbprint,
Fig. 7c, when the aircraft is in the turbulence under consideration, the
flight handling quality during this period of time is unacceptable
because of the low undamped frequency or damping ratio [18].

Figure 8 consists of 1) the CAP and damping ratio of short-period
mode, and 2) the undamped natural frequency and normal load factor
per unit angle of attack. Before encountering the turbulence, the
average vaule of CAP is 0:387 g�1 
 s�2, and the average value of
normal load factor per unit angle of attack is 17:51 g=rad. The flight
handlingquality belongs toLevel1basedonCAPandn�. TheLevel 1
flight handling quality means the flight situation is clearly adequate
for the mission flight phase. When encountering the atmospheric
turbulence, theCAP ranges from2.21 to0:13 g�1 
 s�2, and thevalue
ofn� ranges from0.186 to22 g=rad.When theCAPis0:13 g�1 
 s�2,

Fig. 6 Some of the pitching-moment-coefficient-related aerodynamic derivatives estimated by RBFNN.

Fig. 7 Short-period longitudinal motion: a) undamped natural frequency, b) damping ratio, and c) thumbprint of criteria.
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the damping ratio is 0.198. The flight handling quality belongs to
Level 3 and is very close to Level 2. When n� is 6:62 g=rad, the
undamped natural frequency is 0:736 g=rad. The worst flight
handling quality situation for this case is with the handling quality
belonging to Levels 2 and 3. Level 2 is adequate to accomplish the
mission, but it increases the pilot workload. Level 3 flight handling
quality means the aircraft is still controllable, but has inadequate
mission effectiveness, and may cause high workload for pilots.

V. Conclusions

From the results of the analysis, the severe atmospheric turbulence
caused degradation in aerodynamics, static stability, dynamic
stability, andflight handling quality. The aerodynamic degradation in
CL� was up to 90% and the static stability Cm� was up to 96%
compared to the normal flight in cruise conditions. The most
significant finding in this casewas the control power reduction of the
control surfaces, including the stabilizer and elevator. In particular,
the lift coefficient derivative with the stabilizer was decreased up to
99%. In addition, the sign change of Cm�e implied a complete
opposite phase lag of elevator control. Although the dynamic
characteristics for the aircraft was still stable in the short-period
mode, the flight handling quality was degraded to Level 3. These
results imply that the aircraft in atmospheric turbulence was difficult
to control in the short-period mode. This condition only lasted for
several seconds. These findings were consistent with the flight
operation manual for pilots, in which the instruction for pilots
encountering turbulence at high altitude is that the elevator control
should not be exercised. In this case, if the pilot applied the control
force to the aircraft under severe turbulence, the unexpected delay
and reversed control from the elevator might occur and could induce
PIO. This would create a plunging and bumping motion.
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