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Artificial Neural Networks for Predicting Nonlinear
Dynamic Helicopter Loads
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The fatigue life of dynamic helicopter components is highly dependent on the history of loads experienced by
the components during flight. However, practical methods of monitoring the loads on individual components
during flight have not been developed. Current maintenance programs are characterized by frequent inspections
and sometimes premature retirement of safety-critical components. This paper proposes using an artificial
neural network (ANN) to predict the loads in critical components based on flight variable information that can
be easily measured. The artificial neural network learns the relationship between flight variables and component
loads through exposure to a database of flight variable records and corresponding load histories taken from ah
instrumented military helicopter undergoing standard maneuvers. Eight standard flight variables are used as
inputs for predicting the time-varying mean and oscillatory components of the tailboom bending load and the
pitch link load for seven flight maneuvers. The ANN predicts the mean and oscillatory components with
accuracy ranging from 90.7% to 97.7% correct.

Nomenclature
d = desired ANN output
E = average percent-of-scale error
E = percent-of-scale error
Hn = output of hidden unit n
Hn = sum of weighted inputs to unit n
W\mn = weighted connection from input m to hidden unit n
W2n = weighted connection from hidden unit n to output

unit
xm = input from unit m
y = ANN output
y = sum of weighted inputs to output unit
17 = learning rate

Introduction

T HE fatigue life of a dynamically loaded helicopter com-
ponent is dependent on the loads experienced by the

component, which are in turn highly dependent on the flight
history of the helicopter. A helicopter engaging in combat may
experience excessive structural loads which severely reduce the
operating life of safety-critical components.1 This is particu-
larly true for components located in the rotor system.2 If the
actual loads experienced by a component were known, the
fatigue damage to that component could be estimated using
standard methods.3"5 Unfortunately, it is not currently feasi-
ble to mount instrumentation on each vehicle and on each
component to measure flight loads. Hence, current helicopter
maintenance programs are based largely on logged flight
hours and an assumed flight history rather than the actual
accrued fatigue damage. The resulting maintenance schedules
are characterized by frequent inspections and possible prema-
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ture replacement of some components. To reduce costs and
improve reliability, a method for quantifying individual com-
ponent fatigue damage according to the actual flight history
is required. 2

The method proposed in the current paper is to build a
model of the relationship between flight variables and compo-
nent loads. In this manner, the component loads that cannot
be easily monitored are predicted using variables that can be
easily monitored. The output of the model, either the pre-
dicted loads or fatigue damage accumulated during the flight,
would be stored and used by maintenance personnel for more
timely replacement of fatigue-sensitive components. Although
systems of this type have been developed for fixed-wing air-
craft, they have not been developed for helicopters due to the
complexity of the relationship between flight variables and
component loads in a helicopter.

An artificial neural network (ANN) is proposed as the
framework for constructing a model of the relationship be-
tween flight variables and component loads.6 ANNs have
shown considerable promise for modeling complex nonlinear
relationships.7'8 A significant benefit of using an ANN-based
model is its ability to learn relationships between variables
with repeated exposure to those variables. Therefore, instead
of using an analytical relationship derived from first principles
to model a system, the neural network learns the relationship
through an adaptive training process. The accuracy of the
resulting model is then restricted only by the limitations of the
neural network and the data base from which it learns the
relationship.

The ANN framework for building a complex, nonlinear
model is briefly explained in the first section of the paper. This
is followed by a description of the database of flight records
that were used to train and evaluate the ANN model. The
results are given in the next section, followed by conclusions
about the accuracy of the ANN model for predicting compo-
nent loads.

Fig. 1 Schematic of load-predicting ANN.
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Fig. 2 Sigmoid function.

Analysis
The term artificial neural network encompasses a variety of

computational methods, however, in this paper the term refers
to a feedforward, backpropagation trained network. This is
the most common type of neural network, probably because
of its ability to form a minimum mean square error model of
an input/output relationship.

The general configuration of the ANN is shown in Fig. 1.
The operation of an ANN is analogous to that of a multiple
regression model. That is, a set of independent variables, or
inputs, are multiplied by a set of weighting coefficients to
produce an estimate of the dependent variable, or output. In
Fig. 1, the inputs are represented by the units on the left side
of the figure, the weighting coefficients are denoted by the
symbols W\ and W2, and the output is shown at the right side
of the figure. Unlike a multiple regression model, the ANN
carries out an additional series of computations between the
inputs and the outputs. These computations take place in the
hidden units, shown in Fig. 1, that contain nonlinear scaling
functions. The hidden units allow the network to build a model
of arbitrary complexity of the input/output relationship.8 This
model is developed during an adaptation process so as to
minimize the mean squared error between the ANN output
and the desired output. Computations in the ANN and the
adaptation process are described in further detail hereafter.

Given a vector of input variables, where the nth such set of
inputs is denoted

n2> • - • > xnk] (1)

the linear output of hidden unit / is computed as a weighted
sum of the input values,

(2)
7 = 1

The weight W\Qi is a bias offset, whose purpose is related to
the nonlinear scaling function. The nonlinear scaling function,
also called a sigmoid function, is applied to the linear summa-
tion Hi, to produce a value between 0 and 1, as indicated by
the following:

1
(3)

The sigmoid function is plotted in Fig. 2. Note that for small
input values the output of the sigmoid is a nearly linear func-
tion of its input. However, for larger inputs, the output be-
comes more nonlinear. The application of the sigmoid func-
tion to the linear summation HI produces an output that is a
nonlinear function of the input variables. This operation al-
lows the network to form the necessary nonlinear associations
between the input and output variables. The bias variable
W\Qh in Eq. (2), affects the degree of nonlinearity by shifting
the input away from the linear region of the sigmoid function.

The output of each hidden unit is then weighted and
summed in the single output unit,

y = I,HiW2i (4)

The linear summation y is not passed through a sigmoid
function, but instead is multiplied by a constant factor, as
indicated in Eq. (5) to produce the network output,

The factor 0.25, which corresponds to the slope of the sigmoid
function for 0 input, is not critical and can easily be trans-
posed onto the weights W2. The linear summation y is not
passed through a sigmoid function because the output y must
assume a continuous range of values. If the ANN were used
for pattern recognition, then it would be useful to insert a
sigmoid function at the output. That is, the desired network
output for classification is binary; either a pattern belongs to
a class or it doesn't. For the loads prediction problem, the
output of the network assumes a continuous range of values,
hence the sigmoid function is not needed.

The weights W\ and W2 in the ANN are determined by the
backpropagation training procedure. Backpropagation train-
ing is an iterative procedure that implements a gradient de-
scent of the error surface. At each presentation of input and
output values, the training algorithm computes an incremental
change to each weight to reduce the squared error between
actual and desired output values. Although a complete deriva-
tion of the training algorithm is beyond the scope of this
paper, it can be found in Refs. 8 and 9. The derivation
involves a straightforward application of the chain rule, based
on the assumption that the derivative of the error with respect
to each weight is zero at the point of minimum error.

The weights in the ANN are initialized with values uni-
formly distributed in the range [-0.3, + 0.3] to differentiate
the hidden units from one another.8'9 Training data, consisting
of input/output values, are then presented to the network. The
output of the network, y, is computed according to Eqs. (2-5),
and compared with the desired output to obtain an error,

Error = (d - y) (6)

If the error is less than a specified tolerance no changes are
made to the weights. If the error is greater than the tolerance,
then the weights are adapted by propagating the output error
back to each weight. That is, a weight connecting a hidden
unit to the output unit is updated according to

= W2\ (7)

where the superscript t + 1 indicates the new value of the
weight W2. The error is then propagated back to the previous
layer of weighting coefficients,

j \Hn(\ - Hn)]Xi (8)

Weights are updated after each input/output pair is presented
to the network. One complete pass through the entire set of
input/output values is referred to as one training iteration.

Because of the iterative nature of the backpropagation al-
gorithm, the output error does not usually converge to an
acceptable value until several hundred iterations through the
entire set of training data are completed. This convergence
time is dependent on the complexity of the problem, the
number of input and hidden units, and the initial weight
values. After the mean square error between the network
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y = 0.25 x y (5) Fig. 3 Maneuvers used for ANN training and testing.
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Fig. 4 Vertical tailboom bending load, -0.5AT maneuver.

-70000

-90000

Jf -110000
c
^ -130000c
0)

o -150000
Z

-170000

-190000
0.0 0.5 1.0 1.5 2.0

Time (s)
2.5 3.0

Fig. 5 Vertical tailboom bending load, -I-1.OF maneuver.

output and the desired output has reached an acceptable level,
the weights are saved and are used for predicting loads from
data sets not included with the original training data.

Although the neural network minimizes the sum of the
squared differences between actual and predicted loads, the
average percent of scale error will be used to compare the
accuracy of prediction results. The output range of the net-
work is [0, 1], so the average percent of scale error is com-
puted as

(9)

for N training samples.
Network parameters such as the training rate, number of

hidden units, training time, and training tolerance were deter-
mined during initial training and testing. Each of these
parameters has some effect on the performance of the neural
network, however there is typically a large range of values of
each that will produce good results. The leaning rate 77 in Eq.
(7) was set to 0.4, and the network was configured with four
units in the hidden layer. The training tolerance, discussed
with Eq. (7), was set to 2%. The training time varied slightly
depending on the initial weight values, but 500 iterations
through the training set were usually sufficient to reduce the
average percent of scale error [Eq. (9)] to 10%.

Helicopter Data
A database for developing the ANN for loads prediction

was assembled from structural loads data measured on an
AH-64 helicopter. These data were collected in a separate
structural analysis of 17 safety-critical components and 21
fatigue-sensitive locations on the helicopter.1 The vehicle was
instrumented extensively to monitor flight variables and loads
in fatigue-sensitive locations. Although the complexity and
weight of the data acquisition system precludes its installation
on the entire fleet of helicopters, the information obtained

from this vehicle provides a unique database for developing
and evaluating a loads prediction system.

The data consist of time history values of 24 flight variables
and 17 component loads measured during seven standard
flight maneuvers. Each maneuver consists of a step change in
the directional control stick position from a steady-state for-
ward flight position. The step changes in the data set are
shown in Fig. 3. Each maneuver is labeled in Cartesian coordi-
nates, where + Y indicates the front of the aircraft and + AT
indicates the right side of the aircraft. The magnitudes indicate
inches of travel of the stick. For example, + 1.OX indicates
that the stick was moved one-inch to the right during the
maneuver. A one-inch displacement corresponds to about
15% of the stick position range. In subsequent sections of the
paper, the one-inch displacements will be referred to as large
stick displacements, while the half-inch displacements will be
referred to as small stick displacements. Although the data
cover a very limited portion of the entire flight spectrum of the
helicopter, the information is still useful for this initial study
of loads prediction on helicopters.

The ANN was trained to predict either the time-varying
mean or time-varying oscillatory components of the tailboom
bending load and the pitch link load. These loads were re-
duced to mean and oscillatory components because none of
the monitored flight variables varied in a sinusoidal fashion
that was directly correlated with the motion of the main rotor
blades. Without such an input, there is no way for the network
to produce a sinusoidal varying output. The time-varying
mean value was computed from the raw data by averaging the
data over a sliding time window. The result was a smoothed
version of the load that preserved large changes in the level of
the load. The oscillatory component of the load was calculated
by subtracting the time-vary ing mean from the raw data, then
computing the standard deviation of the load over a similar
sliding time window. All mean and oscillatory data were
scaled to the range [0, 1] based on their minimum and maxi-
mum values over the entire database of maneuvers. This nor-
malization is done to minimize numerical difficulties when
training the neural network due to the limited range of the
sigmoid function.8'9

Only a small segment of data from each maneuver was used
for this study. Each maneuver recording contained substantial
amounts of data from steady-state flight that did not contain
significant changes in either the flight variables or the compo-
nent loads. Consequently, only two seconds of data centered
about the change in stick position were used.

Example load histories of the tailboom bending load from
small and large stick displacement maneuvers are shown in
Figs. 4 and 5, respectively. The tailboom bending load is
produced by vertical accelerations and changes in the pitch
rate of the aircraft, and transient aerodynamic loads on the
tailboom due to the orientation of the aircraft in forward
flight. The vertical tailboom bending load ranged from
- 190,000 Ibf to - 70,000 Ibf for the seven maneuvers consid-
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Fig. 6 Pitch link load, - Q.5X maneuver.
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Fig. 8 Input data time histories, large stick displacement maneuver.

Three input variables are plotted in Fig. 8 for one of the
large stick displacement maneuvers. The five other input vari-
ables did not change noticeably during this maneuver, and
hence are not shown in Fig. 8 to avoid cluttering the plot.
Values of the eight input variables at each time step were used
to predict either the mean or oscillatory component of the load
at the corresponding time. Note that the input variables were
also scaled to the range [0, 1]. The data span a time segment
slightly shorter than two seconds due to the length of the sliding
window used in computing the mean and oscillatory values.

Results
The ANN was trained with input/output data from six

maneuvers, then tested on the seventh maneuver. This proce-
dure was repeated for each of the seven maneuvers in the data
set to ensure that the ANN was generating an accurate model
of the relationship between the flight variables and the load of
interest as opposed to memorizing patterns in the training data.
The network was initialized with randomly distributed weights
for each set of training data and for each load parameter.
Thus, each plot in this section represents a unique training and
test set of data, and a unique set of weights in the ANN.

The flight variables and loads data from the chosen training
maneuvers were assembled into a matrix of values for training
the ANN. Each row of the matrix contained values of the eight
flight variables at a time /, plus, either the mean or oscillatory
value of the load at the same time /. The rows of the matrix
were then placed in random order and presented to the ANN
for training. Randomizing the input data speeds up learning in
the ANN,9 but would be unnecessary if the network took into
account the time-varying nature of the load to improve predic-
tion accuracy. Test data were presented to the network in the
correct time order so the network prediction results could be
plotted as a function of time.

ered. A frequency analysis of the load reveals the principal
cyclic components to be at 4.75 Hz and 19 Hz. The lower
frequency, which is the more prominent of the two, corre-
sponds to the rotation frequency of the main rotor. The com-
ponent at 19 Hz is a result of the blade passage frequency of
the main rotor, which is exactly four times 4.75 Hz.

The load histories in the pitch link for small and large stick
displacements are shown in Figs. 6 and 7, respectively. The
pitch link is located in the rotor system and controls the pitch
of a main rotor blade. The range of loads for the seven
maneuvers was approximately -400 to 400 Ibf. In both Figs.
6 and 7, an oscillatory component at 4.75 Hz is quite promi-
nent in the load history. The mean value of the pitch link load
in the figures varies less than the mean value of the tailboom
bending load in Figs. 4 and 5. This is most likely a result of the
type of maneuvers included in the data base. For example, a
forward stick input requires the pitch of each main rotor blade
to change cyclically, as the blade rotates. This change is imple-
mented through the pitch link, and results in the strong cyclic
loading seen in Figs. 6 and 7. In contrast, a change in the mean
value of the pitch link is produced by a change in the collective
pitch of the blades. The collected data consist of only direc-
tional stick changes, not collective stick changes, hence the
mean value of the pitch link load does not change dramatically
in any of the maneuvers.

Eight input variables for the neural network were selected
from the 24 measured flight variables. These inputs were
chosen on the basis of an intuitive understanding of the rela-
tionship between ship motions, and loads in the component of
interest. These input parameters were the following: pitch rate,
roll rate, yaw rate, vertical acceleration, lateral acceleration,
longitudinal acceleration, longitudinal control position, and
lateral control position. A more complex study could be done
to establish the adequacy of a set of inputs for a given output
variable, but this was beyond the scope of the present work.
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Of the seven maneuvers, the -Q.5Xa.nd + 1.0Ymaneuvers
are shown here for demonstration of the load predicting capa-
bilities of the ANN. The time histories of the two loads of
interest corresponding to the -O.SJT maneuver are shown in
Figs. 4 and 6. Time histories for the loads from the + l.OF
maneuvers are shown in Figs. 5 and 7. Note, from Fig. 3, that
the expected range and direction of flight variables and loads
for the -Q.5X maneuver should be encompassed by the data
corresponding to the -1.OX maneuver. That is, when the
ANN predicts the loads for the -Q.5X maneuver, it will
essentially be interpolating from the training data. In contrast,
the ANN will be extrapolating from the training data when
predicting loads for the + 1.07 maneuver, because the train-
ing set of data extend only to + 0.57. These two cases were
chosen to investigate differences between the interpolating and
extrapolating capabilities of the ANN.

Figure 9 shows the ANN prediction of the time-varying
mean value of the tailboom bending load for the small stick
displacement maneuver, -Q.5X. The units of the load are
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plotted in normalized coordinates. The predicted value fol-
lows the measured value closely, but is consistently low. The
average prediction error [see Eq. (9)] is 6.9%. The small
sinusoidal variation in the actual mean in Fig. 9 is not present
in the predicted mean. This small variation is a remnant of
large cyclical variations in the load that were not removed
when the data were preprocessed. Because the training data
were presented in random order, any time-dependent varia-
tion, such as that in the small ripple, is perceived by the ANN
to be noise during training.

ANN prediction of the time-varying oscillatory component
of the tailboom bending load for the — Q.5X maneuver is
shown in Fig. 10. The prediction follows the load more closely
than the prediction of the time-varying mean value presented
in Fig. 9. The average error E of the prediction in Fig. 10 is
only 2.3%.

Predictions of the time-varying mean and oscillatory tail-
boom bending are shown in Figs. 11 and 12, respectively, for
the large stick displacement maneuver, +1.07. In Fig. 11, the
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Fig. 11 Mean tailboom load prediction, + l.OF maneuver.

1.0

o 0.8

o
=2 0.6
'u
6
I OA
•£

I 0.2

0.0

Avg. error = 5.2%

actual ————
predicted --------

0.0 0.5 1.0 1.5 2.0
Time (s)

2.5 3.0

Avg. error = 4.3%

Fig. 12 Oscillatory tailboom load prediction, +1.OF maneuver.

1.0

-o 0.8 I-

II 0.6
Z

1 0.4

I 0.2 ^

0.0

actual -
predicted -

0.0 0.5 1.0 1.5 2.0
Time (s)

2.5 3.0

Fig. 13 Mean pitch link load prediction, - 0.5.Y maneuver.

Fig. 14 Oscillatory pitch link load prediction, - 0.5JV maneuver.
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ANN prediction of the time-varying mean bending load fol-
lows the downward trend in the actual data, although the
ANN prediction bottoms out early and begins rising before the
actual load begins to rise. The average error E, in this case is
9.3%. In Fig. 12, the ANN prediction does not follow the slow
variation of the oscillatory load, and the average percent of
scale error is 5.2%.

The average errors for the tailboom bending load are greater
for the large stick displacement maneuver than for the small
stick displacement maneuver. This is most likely a result of the
ANN having to extrapolate beyond the training data when
predicting the loads for the large stick displacement maneuver.

Figure 13 shows the ANN prediction of the time-varying
mean pitch link load for the - Q.5X stick displacement maneu-
ver. The predicted mean follows the actual value closely, with
only 4.3% average error. Once again, the sinusoidal variation
in the actual time-varying mean is not seen in the predicted
time-varying mean.

The actual and predicted values of the oscillatory compo-
nent of the pitch link load for the -0.5X maneuver are
plotted in Fig. 14. The actual oscillatory component of the
load rises during the maneuver, and the predicted value fol-
lows this rise quite closely. The average percent of scale error
is only 3.2%.

Figures 15 and 16 illustrate the prediction of the mean and
oscillatory components of the pitch link load for the large
stick displacement maneuver, +1.07. The predicted mean
value follows the actual mean with an average error of 6.5%.
The sinusoidal variation is very apparent in the actual load,
but was averaged out as noise during training, as was previ-
ously mentioned. The predicted and actual values of the oscil-
latory component in Fig. 16 are close to one another in the
beginning of the maneuver, but diverge towards the end of the
maneuver. The average error is 6.8%. The divergence of the
predicted and actual oscillatory components in Fig. 16 illus-
trates the difficulty of predicting a load when it must be
extrapolated from the training data.

Conclusions
An artificial neural network (ANN) has been used to predict

time-varying loads on two fatigue-sensitive components in a
helicopter using eight commonly monitored flight variables.
The ANN model can be used to accurately monitor flight
loads without requiring installation of bulky instrumentation
on fatigue-sensitive components in the helicopter. It is postu-
lated that the relationship between flight variables and compo-
nent loads is nonlinear, hence the nonlinear modeling capabil-
ities of the ANN are well-suited for this problem. The ANN
learns the flight variable/component load relationship
through an adaptive procedure involving exposure to mea-
sured flight data. A backpropagation training algorithm is
used to adapt the parameters in the ANN to accurately predict
component loads.

The predictive capability of the network was analyzed using
data from seven maneuvers, each of which consisted of a
change in the directional control stick position of either 0.5 in.
or 1.0 in. from a steady-state, forward flight position. The
ANN was trained with data from six maneuvers, then used to
predict the load from the seventh remaining maneuver. This

procedure quantified the ability of the ANN to accurately
model the relationship between the input variables and the
output load.

Prediction of the tailboom bending load and pitch link load
were investigated. The ANN was used to predict the time-vary-
ing mean and time-varying oscillatory component of each
load. Results from two representative maneuvers were shown;
a 0.5-in. stick displacement maneuver and a 1.0-in. stick dis-
placement maneuver. The average percent of scale error for
the mean tailboom bending load prediction was 6.9% for the
0.5-in maneuver, and 9.3% for the 1.0-in. maneuver. Average
error for the oscillatory component of the same loads was
2.3% and 5.2%, respectively. The average percent of scale
error for prediction of the time-varying pitch link load was
4.3% and 6.5% for the 0.5- and 1.0-in maneuvers, respec-
tively. Errors for the oscillatory components of the same loads
were 3.2% and 6.8%, respectively.

Prediction errors increased on the 1.0-in. stick displacement
maneuvers because the ANN was extrapolating from informa-
tion in the training data set. Prediction is more accurate when
the network can interpolate from the training data, as seen in
the increased prediction accuracy for the loads from the 0.5-
in. displacement maneuver.

Although these results cover a small portion of the heli-
copter flight spectrum, it is believed that similar agreement
could be achieved for a larger envelope of maneuvers if the
training data were similarly expanded.
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