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Aircraft Flight Dynamics with Simulated Ice Accretion

Devesh Pokhariyal,* Michael B. Bragg,* Tim Hutchison,A and Jason Merret*

University of Dlinois at Urbana-Champaign

ABSTRACT

The effect of ice accretion on aircraft performance and
control during trim conditions was modeled and
analyzed. A six degree-of-freedom computational
flight dynamics model was used to study the effect of
ice accretion on the aircraft dynamics. The effects of
turbulence and sensor noise were modeled and filters
were developed to remove unwanted noisy data without
affecting the short period and phugoid modes. This
study is part of a larger research program to develop
smart icing system technology. The goal of the study
reported here was to develop techniques to sense the
effect and location of ice accretion on aircraft
performance and control during trimmed flight.
Control surface steady and unsteady hinge-moments
were modeled as a potential aerodynamic performance
sensor. Microburst and gravity wave atmospheric
disturbances were modeled and their effects on the
aircraft performance and control were compared to that
of an icing encounter. The simulations showed that
atmospheric disturbances could be differentiated from
icing encounters. The hinge-moment sensors proved
very useful in identifying the wing versus tail location
of aircraft icing.

LIST OF SYMBOLS AND ABBREVIATIONS

C(A) arbitrary performance or stability and
control derivative

Q airfoil drag coefficient
Ch hinge-moment coefficient
CH, RMS unsteady hinge-moment coefficient
Ci lift coefficient
Cm pitching moment coefficient

Fx, Fy, Fz forces on the aircraft
FDC Flight Dynamics Code
g(n) freezing fraction effect on drag
h altitude
IMS Ice Management System
IPS Icing Protection System
kCA coefficient icing factor constant

kc coefficient icing factor
LWC Liquid Water Content
MVD Median Volumetric Diameter
m aircraft mass
n freezing fraction
p, q, r aircraft angular velocities
qg effective pitch rate due to gust velocity
r radial coordinate
R microburst radius
SIS Smart Icing System
T temperature
t time
TIP Tailplane Icing Program
u, v, w atmospheric velocities
V aircraft, freestream velocity
x, y, z rectangular coordinates
Zi,2,3 drag equation constants
z* characteristic height out of the boundary

layer
A change
a angle of attack
5e elevator deflection
A microburst constant
77 aircraft icing parameter
r/ice icing severity parameter
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1.0 INTRODUCTION

The research presented in this paper was a
continuation of the work presented by Bragg et al.1
Recent commuter aircraft icing accidents highlight the
need for improved safety. The primary cause of these
accidents was the effect of ice on aircraft control.2
With a projected growth in airline traffic, the need to
address aircraft icing and its effects on aircraft handling
qualities is apparent. As mentioned by Bragg et al.,1
icing accidents can be prevented in two different ways:
1) icing conditions can be avoided, or 2) the aircraft
system can be designed and operated in an ice tolerant
manner. For all aircraft, ice avoidance is a desirable
goal for increased safety. However, for commercial
aircraft, where revenue and schedules must be
maintained, ice tolerance will continue to be the
preferred method for all but the most severe icing
conditions. Our approach is to conduct research to
improve the safety of operations in icing conditions (ice
tolerance) by developing the Smart Icing Systems (SIS)
concept.

In this paper, a simple model is presented to
include the effect of ice on linear and nonlinear aircraft
stability and control derivatives. A more accurate
model based on a neural network approach is also
discussed. This technique is used in conjunction with a
six degree-of-freedom computational flight mechanics
model to study the effects of ice on aircraft dynamics.
Control surface hinge-moments are evaluated for
possible use in detecting the effect and location of ice
accretion in flight when insufficient dynamic content,
such as the vehicle response to an elevator doublet, is
available to use system identification techniques. Much
research has been conducted to determine the effect of
ice on performance and handling qualities, however
other phenomena, such as atmospheric disturbance can
potentially cause similar effects. Research is presented
here on aircraft microburst and gravity wave encounters
to understand how those can be identified to eliminate
false alarms.

2.0 THEORETICAL AND COMPUTATIONAL
METHODS

2.1 Iced Aircraft Model Development

A simple, but physically representative, model of the
effect of ice on aircraft flight mechanics is used in this
paper. The method was described in detail in a
previous paper1 and will only be reviewed here and
some recent improvements presented. The icing effects
model is based on the following equation

(A)iced ~~ ( * "*" tfice

In this equation, rjice is an icing severity parameter, and
represents the amount and severity of the icing
encounter. rjice is defined such that it is not a function
of the aircraft, only the atmospheric conditions. k'c is
the coefficient icing factor that depends the coefficient
being modified and the aircraft specific information.
Here the k'c term accounts for one aircraft due to its
size, speed, or design being more susceptible to icing
than another aircraft. C(A) is any arbitrary performance,
stability or control parameter or derivative that is
affected by ice accretion.

In this formulation, the weighting factor, k'c , is
assumed to be

i,' _ i ,,

Here the term rjice is the ratio of the drag rise on a
NACA 0012 airfoil at the current icing cloud conditions
to the drag rise experienced at a reference condition in
the continuous maximum icing envelope. The equation
for rjice is

= &Cd(NACA 0012,c = 3',V = ll5kts,actuaLconditions)
AQre (NACA 0012, c = 3\cont. max.conditions)

The rjice value is calculated as above, using a three-
foot chord NACA 0012 airfoil at 175 knots. Here 77,
the aircraft icing parameter, is calculated in the same
way as rjice except the chord and velocity corresponding
the aircraft and conditions being examined are used in
the numerator. The kCA represents the change in an
aircraft parameter CA , that is constant for a given
aircraft. By using this formulation, the aircraft specific
chord, airfoil, and velocity are adequately captured,
allowing for a more accurate determination of iced
coefficient values.

Recently the iced aircraft model has undergone
some minor refinements. The database of icing cases
used to define the model was expanded to include 115
distinct icing cases that were extracted from data taken
at the NASA Lewis Icing Research Tunnel and
presented in three separate NASA Technical
Memorandums.3"5 Approximately 86% of these cases
were based on the NACA 0012 airfoil, and the
remaining 14% were based on the NACA 63(2)-A415
airfoil.
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The equation for the ACd curves has the following
general form for t < 10 minutes:

Where Z; is a constant, and the function g varies in
a nonlinear fashion with n, peaking at a value of 0.2.
As before, the ACd curves were constructed to vary
linearly with the value of ACE (and time) until the time
of the encounter reached 10 minutes. Once the length
of the icing encounter exceeded ten minutes, a linear
variation with time was no longer representative of the
actual drag increase. Since approximately only 10% of
the cases in the database provided data for encounters
beyond ten minutes, the formulation for long time
encounters was estimated. Once beyond the ten minute
threshold, the ACd increase was estimated to decay
exponentially to a point that was twice the ACd value at
ten minutes. The general form of the ACd equation for t
> 10 minutes was as follows:

ACd=Z2-(l-eZ3 ' '°)+ACd (at 10 minutes)

Where Z2 and Z3 are constants based in part on the
calculated value of ACd at ten minutes, and t10 is the
time elapsed after the passage of the ten-minute mark.

2.2 Neural Net Development

The correlations between atmospheric conditions,
ice shapes and aircraft stability and control derivatives
are very complex. In an attempt to develop an initial
relationship between ice shapes and aerodynamic
coefficients, neural networks have been implemented
on recent experimental data to determine if a
relationship could be found.

An excellent definition of a neural network was
given by Haykin.6 "A neural network is a massively
parallel distributed processor made up of simple
processing units, which has a natural propensity for
storing experiential knowledge and making it available
for use." Neural networks are loosely based on the
structure of the human brain. Figure 1 is a schematic
diagram of a neural network with four inputs and four
outputs. There are several hidden layers of
interconnected nodes within the neural network that
take the provided inputs, multiply them by "synaptic
weights," and then output the results either to another
hidden layer or the output layer. The values of the
synaptic weights are determined by training the neural
network with known correlations. The synaptic weights
of the nodes in a neural network can be linear or

nonlinear, and as such, neural networks are excellent in
handling nonlinear data. There are many different
applications for neural networks, one of which is
finding correlations within complex sets of data. In this
research, neural networks have been used in this
manner as a powerful curve-fitting tool, attempting to
correlate the characteristics of ice shapes to
aerodynamic variables.

The data used for this exploration were taken from
a paper by Kim and Bragg.7 These data provide the C,,
Q, Cm and Ch for a NLF-0414 airfoil with three
different simulated glaze ice horn heights and six
different locations over a range of angles of attack. The
data also contain the effect of three different horn base
widths and three different horn leading-edge radii. The
variations of these values resulted in a database of
1,740 separate data points.

Using the Matlab Neural Network Toolbox,
different neural nets were created using the 1,740 data
points. During the training, the neural network looks at
each data point individually, and attempts to adjust the
synaptic weight of each node such that the inputs result
in an output that is close to the known data. Each
analysis of the entire data set is referred to as an epoch.
For these networks, the Neural Network Toolbox was
programmed to stop training after 500 epochs.
Generally, the largest reduction in the error of the
network occurs well before the first 150 epochs, after
which there is very little increase in the accuracy of the
network. This behavior is common when using neural
nets to find trends in data, although the number of
epochs to reach a reduction in error can vary
significantly.

Each network consisted of five input nodes (angle
of attack, horn location, horn height, horn base width
and horn leading edge radius) and four output nodes
(C/, Cm, Cd and Q). Several nets were trained, seeking
the optimum configuration of hidden layers and nodes
that provided the best correlation between experimental
and "simulated" (within the neural net) data. Due to the
large amount of data and epochs, training the neural
nets took several hours on a 450 MHz Pentium-class
processor, and as such, the training time was considered
when choosing a network for the simulations. The
current network being used in the simulations consist of
five hidden layers often nodes each.

Initially, the neural networks were trained using all
of the available data to determine if a correlation could
be found between the ice shape parameters and
aerodynamic coefficients. Once it was determined that
a correlation existed, it was required to determine
whether the neural net was able to predict values that
were not in its training set. To this end, the neural nets
were then retrained using only half of the available
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