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Using Arti� cial Neural Networks and Self-Organizing
Maps for Detection of Airframe Icing

Matthew D. Johnson¤ and Kamran Rokhsaz†
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A method of using arti� cial neural networks (ANNs) and Kohonen self-organizing maps (SOMs) to detect
airframe ice is proposed and investigated. It is hypothesized that ANN systems trained on the aircraft dynamics in
real time would converge to different connection weights for iced and clean aircraft. Kohonen SOMs are proposed
for detecting these differences automatically and, therefore, recognizing airframe ice accretion. This approach is
shown to be capable of acting in an advisory role for the � ight crew. The � delity of the approach is shown to depend
on the level of atmospheric turbulence, as well as on the magnitude of the elevator input.

Nomenclature
[A] = state matrix
[B] = control matrix
CL1 = steady-state trim lift coef� cient
Cm = pitching moment coef� cient
Cx = force coef� cient along x axis
Cz = force coef� cient along z axis
Nc = mean aerodynamic chord
D = nondimensional time derivative, . Nc=2Vc/.d=dt/
iyy = nondimensionalmass moment of inertia, 8Iyy=Nc3½S
_q = nondimensionalpitch rate, q Nc=2Vc

S = wing area
t = time
u = forward speed perturbation
_u = nondimensionalperturbation in forward speed, u=Vc

fug = control input vector
Vc = velocity of the center of mass
W = aircraft weight
w = vertical speed perturbation
fxg = state variable vector
® = angle of attack and nondimensionalperturbation

in vertical speed, w=Vc

±e = elevator de� ection angle
± f = � ap de� ection angle
21 = steady-state pitch angle
µ = perturbation in pitch angle
¹ = nondimensionalmass, 2m=Nc½S
½ = air density
¾ = turbulence intensity

Introduction

N UMEROUS researchershave investigatedthe effects of ice ac-
cretion on airframe aerodynamics.References 1–6 representa

small crosssectionof suchresearch.The common conclusiondrawn
by all of these investigators is that accumulationof airframe ice has
very subtle in� uences on the aerodynamic coef� cients, except for
the drag, in the linear rangeof operations.Aerodynamicderivatives,
such as the lift-curveslope, are affectedminutelyby icing.However,
large changes in the stall characteristics of airfoils can result from
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accumulationof ice. Maximum lift coef� cients as low as 0.25 have
been reported for airfoils such as NACA 23012 (Ref. 6) that other-
wise behavewell. Such radicaldeparturesfromnormalaerodynamic
behavior are generally absent in the linear range. This necessitates
the development of methods for clear and correct identi� cation of
icing and for alerting the � ight crew as to its presence.

Parallel efforts havebeen underway for many years to understand
the effects of airframe icing on the handling characteristics of an
aircraft. These efforts have focused on aircraft stability and control
characteristics as modi� ed by icing. NASA, using a DHC-6 Twin
Otter aircraft, carried out most of the � ight tests associatedwith this
research.7¡12 The database generated as a result includes effects of
different types and severities of natural and simulated ice.

Ranaudo et al.10 attempted to quantify the impact of icing on
longitudinalstabilityand controlcharacteristicsof the aircraft.They
used the modi� ed stepwise regression(MSR) method for parameter
identi� cation to determine some of the longitudinal stability and
control derivatives of the Twin Otter with and without simulated
ice on the horizontal tail. This research was followed by that of
BattersonandO’Mara,11 in whose researchthe maximumlikelihood
methodwas used for such parameter identi� cation.Whereasboth of
these documents were concernedwith the longitudinalstability and
control, the lateral–directional case was also addressed in Ref. 12.

In most of the preceding cases, the parameter identi� cation
method produced different results for the iced and the clean air-
craft. However, the � delity of the methods seemed to decrease with
increasing airspeed, until the results could be called mixed at best.
Furthermore, in some of the cases considered, the two different
parameter identi� cation schemes predicted different airspeed de-
pendence for some of the stability and control derivatives for the
same case.11 Therefore, none of the methods could be used with
certainty to identify airframe icing.

Over the past decade, the study and utilization of arti� cial neu-
ral networks (ANNs) has steadily expanded. These systems are es-
pecially suitable for identi� cation and control of highly nonlinear
and/or uncertainplantsbecausethey do not rely on a detailedknowl-
edgeof theplant a priori.One exampleof such applicationis thatdue
to Hess13 where feedforward ANNs were utilized with a backprop-
agation algorithm to identify the aerodynamicmodel of a simulated
aircraft. This study met with some success, but pointed to the com-
plexityinvolvedin usingANNs to identifyandcharacterizethe com-
plete dynamics and aerodynamics of an aircraft. Likewise, Ghosh
et al.14 undertook the task of identifying the lateral–directional sta-
bility derivativesusing ANN. In this case the authors used a formu-
lation named the delta method to successfully extract the stability
derivatives from � ight-test data.

All of the preceding parameter identi� cation methods have been
successful to one degree or another in estimating aircraft stabil-
ity and control derivatives. However, they all also lack the � delity
necessary to distinguish clearly and unambiguouslythe differences
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between the propertiesof iced and clean con� gurations in the linear
range of aerodynamic coef� cients. The major contributors to this
uncertainty are the very subtle changes in the stability derivatives
due to icingand thevery gradualnatureof these changesin the linear
range of aerodynamics. McMillen et al.15 faced a similar problem
where the parameters of interest, namely, the � delity of onboard
instrumentation during a � ight-test program, changed very slowly
over time. After considering a number of models, the authors con-
cluded that in such cases it is best to use a collection of very small
networks, each representingone parameter of interest.

The goal of the present researchproject was to investigatea tech-
nique that could identify the presenceof airframe ice from the grad-
ual changes in the aircraft dynamics. It was envisioned that such a
system could sense such changes and act in an advisory capacity
to the � ight crew well in advance of the potentially catastrophic
consequences of airframe icing. The proposed approach relied on
monitoring the aircraft dynamic response to periodic small eleva-
tor doublets introduced by the � ight control system. This problem
had many elements in common with that of Ref. 15. Therefore,
the authors believed that a similar approach, coupled with a pat-
tern recognition scheme, could be employed for this purpose. The
proposed approach could be used to identify any type of airframe
ice accumulation. Nonetheless, due to the availability of � ight-test
data, this study was limited to the effects of horizontal tail ice only.
Also, being a feasibility study, the presentwork was limited only to
investigating the longitudinalmodes of motion.

Method of Analysis
Overview

The method of analysis used in this project can be summarized
in the following four steps:

1) Periodically, perturb the aircraft with a small doublet elevator
input and record the response time history.

2) Use the time history of each state variable to train an ANN
dedicated to that state variable.

3) Use the networks’ connection weights as input to a self-
organizing map for comparison with those obtained at several pre-
ceding time steps. Airframe ice accretion will result in differences
between the current connection weights and those of the preceding
time steps.

4) In the case of longitudinal motion, there will be a set of four
votes by the system, one based on each state variable. These votes
can act in an advisory role for the � ight crew to take appropriate
action.

In the absence of an unlimited number of � ight-test data sets,
the aircraft response was numerically simulated.The � delity of this
simulation was veri� ed through comparisonof its results with those
from an actual � ight test.

Aircraft Geometric Model

The only experimental data available for this study were those
used in Ref. 12pertainingto a DHC-6 Twin Otter.Therefore,without
any loss of generality, this aircraft was modeled and used for the
present investigation.Table1 shows some of the pertinentgeometric
and inertial data for this aircraft.

Table 1 Geometry and inertial properties
of the baseline DHC-6 Twin Otter

Property Units Value

Inertia:
Mass slug 328
Iyy slug ¢ ft2 25,000

Geometry:
Wing area ft2 420
Wingspan ft 65
Wing mean chord ft 6.5
Wing aspect ratio —— 10.0
Horizontal tail area ft2 99.1
Horizontal tail span ft 20.8
Horizontal tail aspect ratio —— 4.35

Table 2 Stability derivatives for the clean DHC-6

Derivativea Estimated9;10 Calculated16;17

Cxu —— ¡0.3
Czu —— ¡0.24
Cmu —— 0
Cx® , rad¡1 —— 0.43
Cz® , rad¡1 ¡5.6 ¡5.8
Cm® , rad¡1 ¡1.3 ¡2.5
Cz P® , rad¡1 —— ¡2.2
Cm P® , rad¡1 —— ¡7.9
Czq , rad¡1 ¡25 ¡6.6
Cmq , rad¡1 ¡38 ¡27
CL ±e , rad¡1 0.9 0.76
Cm±e , rad¡1 ¡2.0 ¡2.57

aSubscripts denote derivatives, unless stated otherwise.

Aircraft Dynamic Model

Longitudinal equations of motion were used to simulate aircraft
response to doublet elevator inputs. Because the method concerned
� ight in the linear range of aerodynamics, linearized equations of
motion were used for dynamic modeling as well. These equations,
in nondimensional state variable form, can be summarized as

f Pxg D [A]fxg C [B]fug (1)

where

fxg D [ _u; ®; µ;
_q]T (2)

and

fug D [0; 0; 0; ±e]
T (3)

The elements of the state matrix [A] and the control matrix [B] are
given in the Appendix. The notation used here is consistent with
that of Ref. 16.

The stabilityderivativespresentin these equationswere estimated
using a combination of methods from Etkin16 and Roskam.17 The
details of estimating these derivatives are given in Ref. 18. These
quantities, given in Table 2, were checked against those obtained
from parameter estimation for the same aircraft. In most cases, the
two sets of numbers agreed rather well. However, where the two
did not agree, the numbers that appeared more reasonable were
employed in the equations.

The effects of tail ice were simulated by varying those deriva-
tives that depended directly on the aerodynamic characteristics of
the tail, namely, the lift-curve slope and the drag coef� cient of the
tail.Because theavailable� ight-testdata were fromarti� cial tail ice,
no inertial corrections were made to the aircraft model to simulate
the presence of ice. Equations of motion were solved numerically
using the Euler method with suf� ciently small time steps to ensure
convergence.The level of agreementbetween simulationand � ight-
test data is shown in Fig. 1. In this case, the experimental data were
obtained with arti� cial moderate glaze ice on the horizontal tail and
with retracted� aps. The two sets of simulateddata shown here were
generated with control derivatives calculated from the methods of
Refs. 16 and 17 and with control derivativesobtained from parame-
ter estimation.12 As indicated here, the control derivatives obtained
by parameter estimation12 resulted in better agreement between the
� ight-test data and simulation time histories. Therefore, throughout
the project, values of these derivativesobtained from parameter es-
timation were used wheneverpossible.Similar agreementsbetween
simulation and experimental data were also obtained for the clean
con� gurations.18

Solutions of this type were used to train a set of ANNs, one for
each of the state variables. After suf� cient training, the connection
weightsof thesenetworkswereusedas input to self-organizingmaps
to determine whether the airframe was iced or not. It is essential
to realize that, in actual operation, the aircraft model would not be
necessaryand thesedata would be providedby onboard instruments
in response to periodic perturbations in elevator de� ection angle.



226 JOHNSON AND ROKHSAZ

Elevator de� ection time history

Forward speed perturbation

Angle of attack perturbation

Pitch rate

Fig. 1 Simulated response compared with � ight test for moderate glaze ice on the tail and no � ap de� ection.

Neural Network Models

ANNs have increasingly been shown to be viable tools for map-
ping nonlinear systems and for the purpose of parameter identi� ca-
tion. The basic structureof an ANN is brie� y discussedhere, before
the speci� c approach used for this research is described.For a more
elaboratedescription, including the details of an ANN’s implemen-
tation, consult standard texts on the subject.19¡22

An ANN consists of a collection of neurons arranged in layers.
Each neuron receives its signals from a collection of other neu-
rons and passes the sum of the signals, after multiplying it by a
nonlinear function (activation function), to the neurons in the next
layer through weighted connections. The input and the output lay-
ers have one neuron for each input parameter or output parameter,
respectively.The layers between these (hidden layers) have as many
neurons as the complexity of the data requires, in as many layers
as required, but generally fewer than three layers. Each connection
between neurons is assigned a weight. These weights are adjusted
during training until the ANN learns to associate known sets of in-
put with their corresponding known sets of output (training pairs).
In a fully connected ANN, there are also direct weighted connec-
tions between the input and output neurons. A diagram of a fully
connected ANN is shown in Fig. 2.

Attempts at constructing a single ANN that would predict the
future values of all four state variables, given the present and the
past values, led to large networks that required long training times,
unsuitablefor real-time in-� ight ice detection.Therefore, each state
variable was assigned a small ANN with four input neurons, two
neurons in the hidden layer, and one output node. The inputs con-
sisted of the current and past values of the state variable and the
elevator de� ection angle, and the output was the projected value
of the state variable at the next time step. The input and the output
neuronsused linearactivationfunctions,whereas sigmoidactivation
function was employed for the hidden layers.

Fig. 2 Schematic of fully connected ANN.

One of the problems associated with an ANN is that two net-
works starting with two different sets of weights may arrive at two
different sets of � nal weights after training. This is a natural con-
sequence of a nonlinear mapping in which there may be more than
one relationship between the input and the output. In the present
case, it was envisioned that in actual operation, in the absence of
large changes in � ight conditions, the connection weights of each
network would be used as the starting point to train the same net-
work at the next time period.This strategywould reduce the training
time required at each time step and ensure networks with compa-
rable weights. After suf� cient training, the connection weights of
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Fig. 3 Architecture of Kohonen SOM.

these ANN models would be used as input to the self-organizing
maps, in an effort to distinguish an iced con� guration from a clean
aircraft.

Self-Organizing Map (SOM)

A self-organizingmap (SOM) is a neural network based on com-
petition among neurons. It can be used as a pattern recognition
system to order multiple input vectors according to their degrees
of similarity. Such a map is a topology-preserving map, meaning
that it associates each input vector with a single neuron and places
similar input vectors near each other. The network is competitive
in that each neuron competes to be the one that corresponds to the
input vector.

In a Kohonen SOM, the neurons are arranged in a two-
dimensional grid, as shown in Fig. 3. Each input vector has n
elements, which also determines the number of connectionsto each
neuron. Unlike conventionalANNs, the neurons are not connected
to each other. Training consists of comparing an input vector with
eachneuron’s weightvectorto � nd theone thatmost closelymatches
it, based on the inner product of the two. The weight vector of
the winning neuron and some of its neighbors are then changed
to bring that of the target neuron closer to the input vector. The
degree by which the connection weights are modi� ed from one
training cycle to the next depends on the degree of agreement be-
tween the two vectors, as well as on the distance between a neu-
ron and its neighbors. The magnitude of the adjustments tapers off
with distance from the winning neuron. In this manner, the net-
work clusters similar input vectors near each other on the map, with
like groups in close proximity and dissimilar groups farther apart.
For a more detailed description of Kohonen SOM and its training
consult Ref. 23.

In the present research, a one-dimensional SOM was dedicated
to each of the state variables. The connection weights of the ANN
model of each state variablewere used as input to its corresponding
SOM. The SOMs were � rst trained on the data from several earlier
time steps and then were presented with the data from the present
time. It was reasoned that if the present data belonged to an iced
con� guration, the connection weights of its state variable ANNs
wouldbedifferentfrom thoseof theprecedingtime steps.Therefore,
when presented with both sets of data, the SOM would separate
the two and identify the iced con� guration. It was understood that
because the data from each of the four state variableswas processed
separately, in certain cases not all four SOM networks would point
out icing. In these cases, it was assumed that the crewwould resort to
a voting system where three out of four indicationswould be taken
as an af� rmative vote. The output of such a system is schematically
shown in Fig. 4, which points to a high probability of airframe
icing. The authors envisioned that this process would be repeated
once every 3–5 min onboard an aircraft and that, regardless of the
outcome, the newest data would replace the oldest set. The time
period of 3–5 min was chosen based on two factors. This period
was consideredlong enough for ice accretion to affect the dynamics
of the aircraft without dangerously altering it. Simultaneously, this
time period was thought to be short enough not allow signi� cant

Fig. 4 Schematic of � ight crew advisory panel.

changes in the inertial properties of the aircraft as the result of
burning fuel. In either event, the length of this period would have
to be adjusted for optimum ice detection for individual types of
aircraft.

Results and Discussion
Flight-Test Data

Flight-test data used for this research were obtained for a DHC-6
Twin Otter aircraft in a comprehensive program on airframe icing
at NASA John H. Glenn Research Center at Lewis Field. The spe-
ci� c data used here contained information about 48 sets of tests,
� own between December 1991 and June 1992. These � ights in-
cluded 12 sets with the clean aircraft, 8 sets each with arti� cial ice
on the horizontal or vertical tail only, 14 sets with arti� cial ice on
both stabilizers, and, � nally, 6 sets with natural ice on the wings.
The arti� cial ice shapes varied from surface roughness to simulate
initial stages of icing to moderate rime and glaze ice shapes.

Because the current research concentrated on the longitudinal
motion only, the only cases used were those involving elevator in-
puts. Most of the longitudinalmaneuvers were in response to a pair
of elevator doublets.

Aircraft Simulation

To assess the effectiveness of the proposed method, the authors
needed the time history of the aircraft response to the same eleva-
tor input, with and without airframe ice. Flight-test data, although
extensive, naturally did not contain data on the exact same con� gu-
ration � own through exactly the same maneuver, with and without
arti� cial tail ice. Therefore, simulation was used to generate the
necessaryresponse time histories.The � ight-test data were used for
validatingthese simulationsfor the clean aircraft and for the aircraft
with moderate glaze ice on the horizontal tail. These simulations
proved very successful, as shown in Fig. 1, especiallywhen control
derivatives obtained from parameter estimation were utilized.

One of the concerns in this approach was the aircraft response to
atmospheric turbulencerelative to that due to elevator input. Specif-
ically, the authors wanted to know what turbulence level would
drown out the effects of ice on the aircraft response. Therefore, the
simulation included the von Kármán atmospheric turbulencemodel
given by Hoblit.24 This model relies on two power spectral density
functions, one for vertical and a second one for horizontal gusts.
The gust intensity in the simulations was varied from 0.5 ft/s for
clear air to 4.0 ft/s for severe storms.25 Also, the authors made sure
that no two simulations were performed with the same turbulence
time history, even when all other � ight conditions were the same.

Figure 5 shows the relative effects of atmospheric turbulenceand
simulated tail ice on the response of the aircraft. For these results,
the elevator time historywas taken from one of the � ight tests whose
� ight conditions are shown in Table 3. Figure 5 shows clearly how
tail ice caused measurable changes in the dynamic response of the
aircraft. Furthermore, the effect of ice on the response far exceeded
that of atmospheric turbulence. The authors aimed to investigate
whether these changescouldbe detectedin � ight using the proposed
approach.

The results shown in Fig. 5 were obtained with an elevator
doublet of rather large amplitude. It was reasonable to believe
that using such large elevator de� ections every 3–5 min would be



228 JOHNSON AND ROKHSAZ

Table 3 Flight conditions for � ight
181032A, clean aircraft

Property Units Value

Airspeed KIASa 94
Altitude ft 8064
Temperature ±F ¡19
Location of c.g. (from nose) in. 204.2
Mass slug 317.7
Flap de� ection angle deg 0
aKnots indicated air speed.

Forward speed perturbation

Angle of attack perturbation

Pitch rate

Fig. 5 Relative effects of simulated tail ice and atmospheric turbu-
lence, ¾ = 2 ft/s.

unacceptable from the viewpoint of passenger comfort and struc-
tural fatigue. On the other hand, as the amplitude of the elevator
doublet was reduced, the effects of airframe ice on the response
became closer to that of atmospheric turbulence. Therefore, nor-
mal acceleration was used to determine the appropriate elevator
de� ection angle. It was reasoned that an elevator de� ection time
history resulting in accelerations comparable with those of atmo-
spheric turbulence would be acceptable from the viewpoint of pas-

Elevator de� ection time history

Normal acceleration

Fig. 6 Effect of elevator input compared with turbulence, ¾ = 2 ft/s.

senger comfort. Furthermore, a smooth curve that would be more
reasonable for the � ight control system to generate was chosen for
the time history of the elevator de� ection angle. The new eleva-
tor time history and its associated normal acceleration are shown
in Fig. 6 along with the normal acceleration generated in cumu-
lus clouds. Based on this and similar simulations, a test matrix
of ±e.max/ D 0, 0.025, 0.05, and 0.10 rad was chosen to test the
effectiveness of the ice detection system against several levels of
turbulence.

Neural Network Training

To verify the � delity of the four ANN models, three separate but
similar � ight-test data sets were used for training.The ANN models
were then tested on a fourth similar data set to see how well they
could predict the new set of � ight-test data. This procedure was
repeated four times, twice with � ight-test data of the clean aircraft
and twice with � ight-test data created with arti� cial ice on the tail.

The data available for each training set were composed of a pos-
sible 1450 data pairs, each pair consisting of the present and the
past values of a state variable, the elevator angle for input, and
the next value of the state variable for output. Only that part of the
data where the response was strongest was used to train the ANNs.
This corresponded to a period of 6 s starting with the initial eleva-
tor movement. Typical training times on a desktop computer with
a 450-MHz processor were 77 s for 20,000 iterations. This num-
ber of iterations was necessary for the � rst cycle that started with a
set of random connectionweights. Subsequent cycles, each starting
with the connection weights of the preceding cycle, required only
7500 iterations each, which were performed in approximately29 s.
In the absence of major changes in � ight conditions, such as air-
speed or altitude, the � rst cycle would not have to be repeated. In
any case, these times are well below the 3–5 min period that was
recommended between every two cycles.

Testing of the ANN models on data that were not used during
trainingproducedresults similar to those shown in Fig. 7. The � ight
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Table 4 Flight conditions for � ight 210928A,
arti� cial moderate glaze tail ice

Property Units Value

Airspeed KIASa 69
Altitude ft 5907
Temperature ±F 39
Location of c.g. (from nose) in. 204.4
Mass slug 317.0
Flap de� ection angle deg 10
aKnots indicated air speed.

Forward speed perturbation

Angle of attack perturbation

Pitch rate

Fig. 7 Flight-test data compared with ANN model, arti� cial tail ice,
±f = 10 deg.

conditionsfor the � ight-test data used here are given in Table 4. The
input elevator time history was very similar to that of Fig. 1. These
results indicate that the ANN models replicated the � ight-test data
with remarkable accuracy. Therefore, it was believed that the same
accuracy would be achieved when the ANN models were presented
with the results generated from simulation for the current research.
Again, in actual operation, aircraft instruments would provide the
input to the ANN models for training.

Table 5 Parameters varied during simulation

Property Units Minimum Maximum

Airspeed KIASa 75 100
Altitude ft 6000 8000
Turbulence intensity ¾ ft/s 0 4
±e.max/ rad 0.025 0.10
aKnots indicated air speed.

Table 6 Success rate of ice detection for moderate
glaze ice on horizontal tail

.±e/max D .±e/max D .±e/max D
0.025 rad 0.05 rad 0.10 rad

Turbulence
intensity ¾ ,
ft/s Rate % Rate % Rate %

0 12/12 100 12/12 100 12/12 100
1 45/60 75 68/72 94 48/48 100
2 5/24 21 41/72 57 42/48 88
4 6/24 25 15/36 42 25/48 52

SOM Results

To generate data for the SOMs, simulations were performed at
varying altitudes, � ight speeds, turbulence levels, and maximum
elevator de� ections. Complete permutation of these parameters is
shown in Table 5. For each combination of these parameters, any-
where from 12 to 72 cases were generated. Note that in each case
an iced model was compared to four clean models created at the
same � ight conditions,simulatingdata taken at four previous times.
Even for all parameters being the same, these cases were all differ-
ent owing to the completely random turbulence time history. These
data were then presented to the SOMs, whose success rate at correct
identi� cation of airframe icing is shown in Table 6.

In the absence of turbulence, the system detected ice perfectly in
all cases. Increasinglevelsof atmosphericturbulencerequiredlarger
elevator de� ections for successful ice detection. In mild turbulence
(¾ D 1 ft/s), the success rate varied from 75 to 100% with maxi-
mum elevator de� ections ranging from 0.025 to 0.10 rad. However,
increasing levels of turbulence intensity reduced the success rate of
the system.For ¾ D 2 ft/s correspondingto � ight in cumulus clouds,
the smallest elevator de� ection considered here proved insuf� cient
for ice detection, whereas the intermediate value resulted in a 57%
success rate.

The cases involving ¾ D 4 ft/s or .±e/max D 0:10 rad must be
viewed as the extreme cases. This level of turbulence intensity is
that associated with � ying in severe turbulence, where controlling
the aircraft becomesvery dif� cult. Understandably,under such con-
ditions, detection of airframe icing through the aircraft � ying qual-
ities would be far from practical. Likewise, elevator amplitudes of
0.10 rad (§5:7 deg) would subject the passengers and the airframe
to unacceptable periodic load factors. Nonetheless, these cases are
also shown in Table 6 to establish clear boundaries for the validity
of the proposed method.

Conclusions
A methodrelyingonANNs andSOMs was developedto detect the

presenceof airframe ice from the dynamic responseof an aircraft to
known elevator inputs. A linear model of the longitudinaldynamics
of the de Havilland DHC-6 with and without tail ice was employed
to validatethemethod.Aircraftstabilityandcontrolderivativeswere
modi� ed to account for arti� cial tail ice and its effects on response
to elevator inputs. The major thrust of this research was placed on
identi� cation of the effects of arti� cial tail ice on the longitudinal
aircraft dynamics because of the availability of � ight-test data.

It was shown that the effects of atmospheric turbulence could be
differentiatedfrom the effectsof ice given suf� ciently large elevator
inputs. ANN models of the system state variables were developed
using a backpropagation algorithm and were shown to be in good
agreementwith the � ight-test data. Therefore, it was concludedthat
the ANNs effectively learned the aircraft dynamics for the purpose
of this research. These ANN models were compared to each other



230 JOHNSON AND ROKHSAZ

to determine if models representing an iced aircraft could be differ-
entiated from those representing a clean aircraft.

A one-dimensionalKohonenSOM was createdand used to distin-
guish an iced con� guration from a clean one automatically. In calm
air, the method was shown to work perfectly, requiring very small
control inputs. However, as the turbulence intensity was increased,
the magnitude of the required control input increased as well. With
reasonable levels of turbulenceencountered in most operationalen-
vironments, the method was shown to accurately identify airframe
icing approximately 75% of the time. This level of identi� cation
was achieved with reasonably small elevator de� ections and with-
out subjectingthe passengersand the airframe to undue load factors.

Appendix: Elements of State and Control Matrices
The elements of the state matrix [A] are

A1;1 D 1

2¹

£
2CL1 tan.21/ C Cxu

¤
; A1;2 D

Cx®

2¹
;
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¡
2CL1 ¡ Czu

¢
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