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Helicopter Flight Data Feature Extraction
or Component Load Monitoring

David J. Haas,* Lance Flitter,t and Joel Milanot
U.S. Naval Surface Warfare Center, Bethesda, Maryland 20084-5000

Helicopter flight data are analyzed using univariate and multivariate techniques to extract features of relevance
for rotor system component load prediction. The vibratory component of four rotor system loads is examined;
main rotor push rod, rotor blade normal bending, lag damper, and main rotor shaft bending load. Univariate
relationships between these loads and fixed system parameters are examined and basic trends are highlighted.
Multivariate approaches including multiple linear regression and artificial neural network analyses are utilized
to create load prediction models. Fixed system parameters form the basis of the models and include pilot control
positions and aircraft state parameters. Generally, the loads can be predicted quite well during steady level
flight, as well as moderate and high-g flight where fatigue damage is most likely to occur. Low speed and
hovering flight and flight conditions with low engine torque are the most difficult flight conditions for accurate
load prediction. Significant parameters in the regression and neural network models are identified and several
flight regimes are defined that can be used to improve load prediction accuracy.

Introduction

A N increasing emphasis has been placed on health and
usage monitoring systems for helicopters in an effort to

improve reliability and significantly reduce operating costs.
The focus of these systems has been directed towards engine
and drive-train monitoring as well as individual aircraft usage
monitoring.1'2 Aircraft usage monitoring provides the benefit
of utilizing actual aircraft usage data rather than relying on
an assumed mission usage spectrum. If actual usage between
aircraft varies significantly, fatigue life assessments based on
an assumed spectrum may contain a high degree of conser-
vatism. This is because the assumed spectrum must include
the worst-case scenario. Individual aircraft usage monitoring
eliminates this aspect of conservatism in rotor component
fatigue life assessment while maintaining safety requirements.

Another area in fatigue life assessment that requires a high
degree of conservatism is the assumed load level assigned to
each maneuver in the aircraft's usage spectrum. Typically, a
flight loads survey is performed to measure loads in critical,
fatigue-limited rotor components to determine the worst-case
load encountered for each maneuver type. This load is applied
for the duration of the maneuver to calculate the fatigue life
expended. If a load monitoring system could monitor the
actual flight loads during a maneuver, the high degree of
conservatism in this aspect of fatigue life assessment could
also be eliminated.

Researchers have been investigating practical techniques to
predict and monitor rotor system component loads. To avoid
the complexity of slip rings and instrumentation in the rotating
system, these efforts have focused around using fixed system
parameters as the basis for predicting loads in the rotating
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system. In Refs. 3 and 4 a holometric approach is used to
select strain gauge data and load measurements in the heli-
copter fixed system to predict rotor system component loads.
These studies focused on the AH-64 helicopter. In Refs. 5
and 6, the present authors developed load prediction models
for SH-60 helicopter rotor system components using only air-
craft state parameters such as velocity, rate-of-climb, aircraft
accelerations, and aircraft control inputs. This approach re-
duces the need for additional strain gauges or load measure-
ments in the fixed system and relies on parameters that may
typically be measured in an onboard aircraft flight data re-
corder system.

The objective of the present study is to analyze a flight
loads data set that includes a broad range of flight maneuvers
and identify features with relevance to helicopter load mon-
itoring. The approach is to apply several multivariate tech-
niques to the data and identify important features such as
fixed system parameters most useful for component load pre-
diction, differences between various component loads, sig-
nificant flight regimes, and the effect of calibration data set
selection on load prediction accuracy.

Flight Test Data
The flight data analyzed in this study consist of several rotor

system component loads for an SH-60 helicopter measured
during flight tests of many different maneuvers contained in
the SH-60 usage spectrum. Over 150 distinct maneuvers are
analyzed. The duration of each flight maneuver varies from
approximately 10 to 60 s. The data consist of over 18,000
individual data points each representing a particular instant
in time and corresponds to approximately 40 min of flight
time. Hovering flight as well as high-speed and high-g flight
is represented.

Four rotor system loads are studied that represent flap,
lag, torsion, and shaft bending loads. The four component
loads selected consist of pushrod, blade normal bending, lag
damper, and main rotor shaft bending load. It is felt that
these loads exhibit behavior that is indicative of overall rotor
system behavior. The focus of this study is on analysis and
prediction of the vibratory component of load since it is most
directly related to fatigue life expended on a given component.
Table 1 shows the list of 18 independent parameters that are
used for the prediction of rotor system component loads. In
this study, the flight maneuvers are divided into 10 different
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Table 1 Predictor

Parameter

Accelerations
Load factor
Longitudinal
Lateral
Pitch
Roll
Yaw

Velocity
Aircraft mass
Rate-of-climb
Altitude
Engine torques
Rotor rotation rate
Pilot control positions

Collective
Longitudinal cyclic
Lateral cyclic
Pedal

Stabilator position

variables

Abbreviation

LF
X

y
p
r
V
m

ROC
h

Gi,Q 2fl

e0

Se
0stab

Table 2 Maneuver groups

Hover (approach, jump takeoff, control reversals, turns)
Level flight (20-100%Vmax)
Turns (left/right turns at various airspeeds and bank angles)
Climbs (at various airspeeds, left/right climbing turns)
Dives (at various airspeeds)
Partial power descent
Sideslips
Control reversals
Pulls (symmetric/rolling pullouts, pushovers)
Autos (autorotation, autorotative pullouts and control reversals)

maneuver groups as shown in Table 2. Each maneuver group
contains a subset of specific maneuvers. For example, the
hover maneuver group consists of approach to hover, hover
control reversals, jump takeoff, and hover in and out of ground
effect.

Approach
The technical approach is divided into two categories: 1)

data-oriented and 2) model-oriented analysis. Data-oriented
analysis consists of various statistical and graphical analyses
of the data to make inferences directly from the data. This is
in contrast to model-oriented analysis where various load pre-
diction models are developed using multiple regression and
artificial neural networks. The models are tested and used to
make inferences about the component load data. The ap-
proach can be summarized in four steps: 1) analyze raw data
and select data subsets, 2) define a model structure, 3) select
model inputs and calibrate model using known I/O pairs, and
4) validate results, make improvements, and repeat process
if necessary.

Data-Oriented Analysis
The data-oriented analysis consists primarily of calculating

several descriptive statistics and analyzing various plots of the
data. The purpose of these analyses are threefold: 1) to dis-
cover important features of the data, 2) to aid in defining
appropriate subsets of the data for calibration and validation
of predictive models, and 3) to better understand results gar-
nered from the load prediction models.

Calculating statistics for different types of flight maneuvers
provides an indication of what types of maneuvers produce
damaging load levels in various rotor components. Scatter
plots of component loads vs independent variables provide a
graphical method to identify univariate trends in the data.
Scatter plots also provide information that is useful in creating

derived parameters to increase the correlation between pre-
dictor variables and loads.

A critical step in developing a load prediction model, re-
gardless of the model approach, is the selection of a calibra-
tion data set. The calibration data set is used to calculate the
regression coefficients and for training the neural network
models to determine the connection weights. A properly cho-
sen calibration data set will be an unbiased sample of the
flight conditions that the model is expected to predict. The
calibration data is selected using engineering judgment to
select data from an equal distribution of maneuvers contained
in Table 2. To confirm that the calibration data set is rep-
resentative of all the data analyzed, a second randomly se-
lected data set with the same number of data points is used
for comparison.

Model-Oriented Analysis
In the model-oriented analysis, load prediction models are

developed using both multiple regression and artificial neural
networks (ANN). These models are used to examine the sig-
nificance of various features and data subsets. Multiple regres-
sion has the advantage of producing an explicit equation that
is straightforward to interpret. The relative importance of
various parameters can be easily assessed. The primary dis-
advantage of multiple regression is that nonlinearities in the
solution space can be difficult to include without extensive a
priori knowledge. An advantage of ANNs is that once a par-
ticular paradigm is chosen, no a priori knowledge of the prob-
lem is required. Neural networks are also inherently nonlinear
because of the nonlinear activation function contained in each
processing element and can capture nonlinear characteristics
of the solution space. Unfortunately, neural network models
are much more difficult to interpret than a regression equation
because the information is stored in an abstract form. Com-
parisons between these two types of models provide some
indication of the degree of nonlinearity inherent in the so-
lution space. A brief description of each modeling technique
is given next.

The multiple linear regression model is expressed as

7(0 - + a2X2(t) + •-- anXn(t) + error

where Xf are the independent predictor variables, 7(0 is the
component load, and the at are the unknown regression coef-
ficients that are solved for using a least-squares method. One
advantage of a regression approach is that the exact nature
of the model is known and the relative importance of the X{
can be determined for a given model. The absolute impor-
tance of a variable can never be fully determined due to model
misspecification resulting in an error term. The relative im-
portance of a given X{ is determined by standardizing the
regression coefficients.

In this study, the X,- are selected using a step wise selection
process. Although the regression equation structure must be
specified, the stepwise selection procedure provides a means
to add and remove predictor variables to the regression equa-
tion based on their improvement to the model, their signifi-
cance level, and the degree of similarity and dependence with
other variables in the equation. Thus, the stepwise method
provides a powerful approach to efficiently analyze many dif-
ferent combinations of parameters in the regression equation
and helps to prevent overspecification of the model. Although
the regression equation is linear, nonlinearities can be intro-
duced by using nonlinear derived parameters for the X,- rather
than the basic form of the predictor variables.

A typical neural network architecture (Fig. 1) consists of
an input layer, one or more hidden layers, and an output
layer. Each layer contains one or more nodes. For the load
models developed in this study the input consists of the 18
predictor variables and the output consists of the predicted
load. The hidden layers contain many simple processing ele-
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Fig. 1 Structure of a typical neural network.

ments referred to as nodes that contain a summing function
and a nonlinear activation function. A typical activation func-
tion is the sigmoidal function because it is a nonlinear function
that compresses the activation level to a consistent range. The
nodes in each layer are interconnected by a series of weighted
connections. Data flows through the network from the input
to the output. In this study, the neural network is trained
using supervised learning. In this approach, the neural net-
work is exposed to a set of known I/O pairs and the connection
weights are iteratively adjusted to minimize the rms error in
the output. The network architecture and learning rate are
taken from Ref. 6 and consist of a single hidden layer model
with five nodes and a single output.

Neural networks provide a general nonlinear approach for
determining the relationship between the predictor variables
and the component load. One drawback of the neural network
approach is that it is difficult to determine the nature of the
relationship between input and output resulting in a black box
type of model.

Three measures-of-fit are used to assess the results of the
regression and ANN models for the calibration and validation
data sets. The Pearson's correlation coefficient R is a measure
of the linear relationship between two variables. A strong
linear relationship results in a correlation near 100%. If no
linear relationship exists the correlation will be 0%. The cor-
relation between actual and predicted load provides an overall
indication of the linear relationship between these values across
the entire load range.

The second parameter used to quantify the results in the
rms error for the data set. To make the rms error more com-
parable between loads it is normalized by the maximum value
of the load in either the calibration or validation data set. A
third approach used to assess the model results in a scatter
plot of predicted load vs actual load. This type of plot provides
a visual indication of how well the model predicts the data.
A perfect model would result in all of the data falling on the
45-deg line on the plot. Scatter plots are most effective for
analyzing outliers where the predicted value is far from the
actual value.

Results and Discussion
Univariate Trends

The first step in analyzing features within the data is to
look for univariate trends. Figures 2a and 2b show pushrod
and blade bending loads vs aircraft velocity. Aircraft velocity
is normalized by Vmax7 the maximum level flight velocity. All
of the data points are included on the plot and represent all
10 maneuver groups as well as various aircraft weights and
altitudes. The plots illustrate the necessity of utilizing mul-
tivariate techniques that can account for interactions between
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Fig. 2 Component load vs velocity: a) pushrod and b) blade bending
loads.
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Fig. 3 Load factor range for various maneuvers.

variables to predict component loads. However, some overall
trends can be established from the univariate plots. For ex-
ample, Fig. 2a shows a general trend (indicated by the dashed
line) of increasing pushrod load with velocity. Also, it shows
that the load range varies significantly at high airspeed, whereas,
at low velocity the pushrod load always remains fairly low.

A different trend is seen for blade normal bending load,
(Fig. 2b). Blade bending possesses an even stronger trend of
increasing load with increasing velocity than pushrod load,
but the load range at a fixed velocity is more uniform across
the entire velocity range. Even at low speeds a significant load
level is possible. The overall trend of blade bending load with
velocity (dashed line) looks similar to a typical helicopter
power-required curve. High values are present in hover and
decrease to a minimum near V equal to 0.35 (approximately
60 kn). Above this speed bending load increases rapidly with
velocity. Damper and shaft bending loads contain a less ob-
vious pattern with velocity.
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Another way of visualizing overall trends in the data is to
analyze the variability that exists in a particular parameter
and how it varies for different types of maneuvers. Figure 3
is a plot of the minimum, maximum, and mean values of load
factor for the 10 maneuver groups contained in Table 2. It
shows that hover, level flight, side slips, and control reversals
all have load factors less than 1.5 g, whereas turns, climbs,
dives, partial power descents, pullouts, and autorotative ma-
neuvers exhibit a much larger range. The larger range of load
factor indicates that the rotor is transmitting high loads to the
aircraft during these types of maneuvers.

Figure 4 shows a plot of pushrod and damper load vs load
factor. The correlation is 52 and 37%, respectively. Figure 4a
shows an overall trend of increasing pushrod load with load
factor. It appears from Fig. 4b that a nonlinear relationship
exists between damper load and load factor. One way to
account for nonlinearities in the data is to develop derived
parameters. These parameters are derived from the 18 basic
parameters in Table 1 by combining and modifying them into
a new nonlinear form. One notable parameter LFra/z, taken
from Ref. 5, is defined as the product of load factor, aircraft
mass, and rotor advance ratio. The advance ratio ̂  is defined
as the aircraft velocity divided by rotor tip speed. The vari-
ation of pushrod and damper load with this derived parameter
is illustrated in Fig. 5 and results in an increase in the uni-

variate correlation from 52 to 84% for pushrod. A strong
linear relationship can be seen in the plot, especially for mod-
erate and low loads. The overall correlation for damper load
increases from 37 to 73%, but a strong nonlinear relationship
is still evident. However, a fairly linear relationship exists for
moderate to large values of the quantity LFm^. A list of
derived parameters used in this study is given in Table 3.

Data Set Selection
To develop a regression or neural network load prediction

model a calibration data set must be selected. This data is
used to solve for the regression coefficients and for train-
ing the neural network. Also, a separate validation data set
is selected to assess the accuracy of the models. The calibra-
tion and validation data sets should be accurate and unbiased
samples of the population they represent. A larger validation
data set is desirable to provide confidence in model evalua-
tions.

The calibration data is selected using engineering judgment
to select an even distribution of various flight conditions and
flight maneuvers. Ideally the calibration data should be se-
lected to avoid biasing towards one particular maneuver or
flight condition. The data should encompass the full range of
operating limits so that the models are interpolating rather
than extrapolating. To accomplish this, 3-5 distinct flights

Table 3 Derived parameters

Parameter Definition
Controls
Accelerations
Force terms
Control couples
Velocity couples
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Fig. 5 Component load vs derived parameter LFm/ji
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from each of the 10 maneuver groups are chosen that rep-
resent the endpoints for the limiting features of each maneu-
ver. For example, a left and right climb at high and low
velocity are selected for the climb maneuver group. Typically
a high-g and low-g variation of each maneuver is selected.
Since many of the maneuvers contain a significant portion of
level flight just prior to and after the maneuver, only two
level flight maneuvers are selected for the calibration data set
so as not to bias the calibration data towards the level flight
condition. A total of 43 distinct maneuvers are selected for
the calibration data that contains over 5400 data points and
represents approximately 10 min of flight time.

The validation data set is also selected to represent the 10
maneuver groups. It contains nominally 10 distinct flights from
each of the maneuver groups listed in Table 2. The flights
within each group are selected to represent the full range of
variability for that maneuver (not just the endpoints). For
example, for the turn maneuver group, both left and right
turns at 15-, 30-, and 45-deg angle of bank and at several
airspeeds are selected. For level flight, 20 distinct flights are
selected to represent the entire airspeed range from 0.2Vmax
to Vmax and at several gross weights. In total, the validation

data include 111 distinct flight maneuvers with over 12,500
data points and represent approximately 30 min of flight.

Flight Regime Definitions
To determine where the models perform well and where

improvements are needed, the data is segmented into differ-
ent categories. One obvious method to categorize the data is
by maneuver type and this approach was initially tried. The
maneuver descriptions provide a good overall indication of
what type of conditions exists during a given maneuver, how-
ever, many maneuvers involve a range of flight conditions
from mild to severe. For example, a pullout may contain data
corresponding to steady level flight, descending flight, as well
as moderate- and high-g conditions. For most aggressive ma-
neuvers, the actual time spent in a high load condition is
usually only a fraction of the total maneuver flight time. For
this reason the data set is segmented into five different flight
regimes. Each data point is uniquely assigned a flight regime
based on the value of certain parameters such as load factor,
velocity, engine torque, etc. Five flight regimes are defined
for the purposes of this study and are given in Table 4. Most
of the data fall into regime 3, moderate-g flight. This is ex-
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Fig. 6 Baseline regression results: a) pushrod load, calibration data; b) pushrod load, validation data; c) blade bending, calibration data; d)
blade bending, validation data; e) damper load, calibration data; and f) damper load, validation data.
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Table 4 Flight regime definitions

Regime no. and
description Definition
1. Hover/low-speed
2. Steady level flight

3. Moderate g

4. High g

5. Partial power

V < 0.4, Q, > 50%
V > 0.4, G, > 50%
0.9 g < LF< 1.1 g
\ROC\ < 200 fpm

|jc| < 0.075 g
\y\ ^ 0.05 g

\p\9 |r|, \q\ < 7.5 deg/s2

LF<1.5g
V > 0.4, ft > 50%a

LF> 1.5 g
V > 0.4, Qt > 50%

G, < 50%
aNot contained in regime no. 2.

Table 5 Model

Load
Pushrod
Blade bending
Damper
Shaft bending

Pushrod
Blade bending
Damper
Shaft bending

prediction results

Regression models

CDS YDS
94-4.2 91-5.6
91-6.3 81-9.4
87-6.8 72-11.3
88-5.3 57-10.3

Neural network
models

CDS YDS
97-2.8 93-4.8
96-4.4 85-8.4
94-4.9 77-10.0
95-3.6 77-7.8

CDS, calibration data; YDS, validation data;
R-rms error, in %.

pected since the data represent a broad range of maneuvers
and the extreme flight conditions occur only for a limited time.

Baseline Regression Models
Regression models for each of the four loads are developed

based on the calibration data using the derived parameters in
Table 3. The resulting equations contain from 12 to 16 terms.
Scatter plots of predicted vs actual load for the pushrod, blade
bending, and damper models are shown in Figs. 6a-6f for
both calibration and validation data sets. The correlation and
normalized rms error are summarized for all four loads in
Table 5. The rms error is normalized by the maximum load
in the data set being evaluated and is expressed in percent.
Correlations above 90% are attained for the calibration data
for both pushrod and normal bending loads. The correlations
for pushrod on the validation data is 91% with a 5.6% rms
error and the prediction is generally very good except at high
loads. This is most likely due to the low load bias in the
calibration data set that is evident in Fig. 6a by the heavy
concentration of data in the low load range.

Prediction of blade normal bending load in the validation
data results in an 81% correlation with a 9.4% rms error. The
blade bending load model has greater scatter than the pushrod
load, but the data points are more evenly distributed about
the ideal 45-deg line. It is obvious in Fig. 6d that one maneuver
is severely underpredicted as indicated by the horizontal string
of data points corresponding to a predicted load of about 7500
in.-lb. These data points correspond to an approach to hover
where the aircraft is descending and slowing. This maneuver
is not directly represented in the calibration data, but did not
stand out for the other three loads.

Results for damper load (Figs. 6e and 6f), show a distinctly
different trend. Although a correlation of 87% is attained for
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Fig. 7 Baseline neural network results: a) pushrod load, calibration
data; b) pushrod load, validation data; c) blade bending, validation
data; and d) damper load, validation data.

the calibration data the low load range is severely overpre-
dicted. This nonlinear trend is even more dramatic in the
validation data where the correlation is 72% and the nor-
malized rms error is 11.3%. From Fig. 6f it is seen that below
a load of 3500 Ib the model predicts a horizontal trend with
a large degree of scatter. Above 3500 Ib, model accuracy
significantly improves, but the load is still somewhat over-
predicted.
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The shaft bending data (not shown) are primarily concen-
trated near the lower end of the load range with only a rel-
atively few data points at a high load level. This results in a
relatively low correlation of 57% (compared to the other loads)
and a normalized rms error of 10.3%.

Baseline Neural Network Models
A neural network model for each load was also developed.

The scatter plots of predicted vs actual load for the pushrod
model are shown in Figs. 7a and 7b for both the calibration
and validation data. Figures 7c and 7d show the validation
results for the blade bending and damper models. The cor-
relations and rms error are summarized in Table 5 for all of
the neural network models. The results are quite similar to
the regression model results. Overall, the neural network per-
forms slightly better with rms errors approximately 10% lower
than the regression models. From Fig. 7b it is seen that the
neural network predicts low pushrod loads very well, but
underpredicts the high load data similar to the regression
model. Neural network results for blade normal bending load
(Fig. 7c) are also quite similar to the regression results.

For the damper load the neural network trains very well,
but exhibits the same nonlinearity in the validation data (Fig.
7d) that was present in the regression model. The network
predicts damper loads above 4000 Ib quite well, but exhibits
a high degree of scatter and overprediction for loads below
this. A set of outliers is seen in Fig. 7d where the actual load
is about 3600 Ib. These data points correspond to a run-on
landing maneuver at 20 kn, which is not represented in the
calibration data. The shaft bending load improved signifi-
cantly over the regression model results with correlation in-
creasing from 57 to 77% and an rms error reduction of 25%.
The general increase in accuracy of the neural network as
compared to the regression equations is probably due to the
neural network's ability to represent nonlinearities implicitly.

For comparison purposes, regression and neural network
models were developed using a calibration data set randomly
selected from the data analyzed. The resulting scatter plots
appear nearly identical to those presented in Figs. 6 and 7.
This suggests that the calibration data selected by engineering
judgment is representative of the population.
Model Evaluations and Improvements

Results for the regression and neural network models pre-
sented in Figs. 6 and 7 provide limited information regarding
where the models perform well and where they need im-
provement. To examine strengths and weakness in the load
models the prediction accuracy is analyzed separately for each
flight regime. The validation data is separated into five flight
regimes and the correlation and rms error for the baseline
neural network and regression models are calculated for each
regime. Validation results are summarized in Table 6. For
pushrod load both regression and neural network models show
that the high-g flight regime has the largest rms error. This
regime represents the high load data points that are under-
predicted in Figs. 6b and 7b. The other four regimes are
predicted quite well for pushrod load as is reflected by the
much lower rms error. For blade normal bending, damper,
and shaft bending loads the highest rms error is found in the
hover and low-speed flight regime making this flight regime
the most difficult for prediction of these loads.

To improve prediction accuracy in regimes with high rms
error, regime-specific models were developed for each flight
regime. The correlation and rms error for these models are
summarized in Table 7. For the regression model the results
for regime 4, high-g maneuvers are significantly improved
compared to the baseline results (Table 6) for all of the loads
except blade bending. Pushrod models for both regimes 3 and
4 are significantly improved.

Utilizing the baseline pushrod model for regimes 1,2, and
5 and the regime-specific model for regimes 3 and 4 produces

Table 6 Baseline regression and neural network results for regimes

Regression models, regime

Load
Pushrod
Blade bending
Damper
Shaft bending

44-3.0
14-12.2
59-14.4
42-11.7

93-2.8
89-6.6
68-8.5
3-11.1

91-5.3
88-7.7
72-9.8
44-9.2

91-13.3
79-11.9
56-10.0
72-14.6

83-6.4
61-11.4
62-13.3
82-9.9

Neural network models, regime

Pushrod
Blade bending
Damper
Shaft bending

1

30-4.5
31-12.2
59-15.6
43-10.7

2

91-3.7
93-5.4
54-5.5
89-4.5

3
94-4.4
91-6.5
79-7.4
75-5.9

4

89-11.2
78-12.0
66-6.2
77-13.0

5
90-4.2
66-9.2
70-12.4
83-9.4

R-rms error for validation data set, in %.

Table 7 Regime-specific regression and neural network results

Regression models, regime
Load
Pushrod
Blade bending
Damper
Shaft bending

1
56-3.0
15-13.4
60-14.2
39-12.6

2

63-9.4
92-6.7
35-25.3
24-12.4

3
93-4.6
91-6.7
76-6.8
48-8.4

4

94-7.7
74-12.7
71-5.6
90-9.1

5

82-7.0
59-12.4
63-17.9
67-15.4

Neural network models, regime

Pushrod
Blade bending
Damper
Shaft bending

1

43-3.9
38-12.4
29-23.0
10-20.2

2
96-2.3
91-8.2
62-6.8
34-9.9

3
93-4.7
91-6.7
82-6.1
46-8.8

4
91-9.8
72-13.5
62-6.6
77-14.4

5

86-5.6
72-8.5
70-13.5
62-17.0

R-rms error for validation data set, in %.
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Fig. 8 Regime-specific regression model for pushrod load.

an overall regression model for pushrod load with high ac-
curacy in all five flight regimes. The scatter plot for the val-
idation data is shown in Fig. 8. The overall correlation for
the validation data is 93% and the rms error is 4.8%. The
regime-specific neural network model for pushrod also showed
improvement for regimes 1, 2, and 4. However, regime 4 was
still the most difficult regime for the neural network model
to predict.

Analysis of shaft bending in regime 4 shows significant im-
provement when using a regression model specialized for this
flight regime. The correlation increased from 72 to 90% and
the rms error reduced by more than one-third. The shaft
bending model for regime 3 also produced lower rms error
(Table 7). The regime-specific neural network model did not
improve results for shaft bending load for any of the flight
regimes.

The regime-specific models for damper load using regres-
sion or neural networks revealed that relatively good models
exist for regimes 2, 3, and 4, whereas even using regime-
specific models for regimes 1 and 5 does not improve the
accuracy in these two regimes. Using regime-specific models
for blade bending load did not improve the overall ability to
predict this load and an alternative approach is needed for
further improvement in predicting this load. The regime-spe-
cific models help to illustrate under what flight conditions a
satisfactory prediction model can be developed for a given
load. Also, they highlight where alternative modeling ap-
proaches are needed.

It is evident that both the regression and neural network
damper models are inappropriate and unable to accurately
predict damper load over the complete load range. The most
likely explanation for this is that the lag damper is distinctly
different from the other three components. The main rotor
pushrod, blade spar, and shaft are all metallic components
with constant stiffness properties and they deform in a linear
manner with an applied force. Conversely, the damper is a
hydraulic system whose response characteristics vary signifi-
cantly for different flight conditions and in a nonlinear man-
ner. At the rotor rotation frequency, the damper force is a
nonlinear function of the damper stroke velocity that is related
to rotor blade lag motion. At low stroke velocities, the damper
force increases rapidly with increasing stroke velocity. As the
damper force increases to approximately 3500 Ib, pressure
relief valves in the damper open to limit the damper force.
Thus, damper characteristics are highly dependent on the load
level. For loads below approximately 3500 Ib the character-
istics are nonlinear and vary significantly with damper stroke
velocity. For loads above approximately 3500 Ib the damper
characteristics become more constant.

Because of the unique nonlinear nature of damper load
several alternative approaches are examined to predict this
load. The first approach is a maneuver-specific approach where
a separate neural network is trained for each of the 10 flight
maneuvers contained in Table 2. The neural networks trained

very well with a correlation of 96% and a normalized rms
error of 3.9%. However, applying the model to the validation
data shows that a high degree of uncertainty in predicted
damper load exists below 4000 Ib (Fig. 9). Above 4000 Ib the
model works very well.

To further investigate the effect of load level on damper
load prediction, a neural network model is segmented by load
level. One network is trained using loads below 3800 Ib and
one is trained for loads above 3800 Ib. Again, the network
trained very well for all load levels, but only accurately pre-
dicted validation data loads above 3800 Ib. The results appear
very similar to Fig. 9. Similarly, a regression model based on
loads above and below 3800 Ib is developed. These two models
are applied to the entire validation data separately to examine
how well they predict loads across the entire load range. The
regression equation based on low load data does poorly for
the entire validation data, whereas, the regression model based
on high load data predicts high loads in the validation data
very well (Fig. 10). The rms error for this model for loads
above 3800 Ib is only 5.3%. As with all of the previous damper
models, the high-load regression model for damper also over-
predicts the low damper loads, although with a fairly low level
of scatter.

These results show that a prediction model for the damper
that reliably predicts loads above approximately 3800 Ib for
all of the maneuvers and flight regimes is possible. Generally,
damper loads in this range occur in regimes 2, 3, and 4. This
high-load damper model also provides a reliable upper bound
prediction of damper loads below 3800 Ib in all flight maneu-
vers and regimes examined in this study and can therefore be
used without a priori knowledge of the load level or flight
condition. Because the endurance limit corresponding to the
damper load is above 4000 Ib, this model could be utilized to
predict fatigue damaging loads. However, an alternative mod-
eling approach is necessary to accurately predict damper loads
below 3800 Ib.

S 4

3
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o3

3

1 62 3 4 5
ACTUAL LOAD (/1000 Ibs)

Fig. 9 Maneuver-specific neural network model for damper load.

§ 5

5 4

I ,
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Fig. 10 Regression model segmented by load level for damper load
(validation data using high-load model).
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Table 8 Significant parameters in load models

Regression models

Pushrod

(Ol*V)

Vim
(LF - l)2m

Blade
bending
LFmjji
(elsv)
Vim

Damper
LFmfji

Q,
h

\x\rn

Shaft
bending

(OlsV)
\x\rn

n̂
stab

Neural network models
LF
V
Qi
Q\s

V
LF
els
Gi

V
LF
Qi
h

6ls

LF
Q2
V
X
m

Evaluation of Significant Parameters
The most significant parameters in the regression equa-

tions, as determined from the standardized regression coef-
ficients, for the four loads are presented in Table 8. The
important parameters include combinations of load factor,
velocity, pilot longitudinal stick position, and aircraft mass.
Pushrod and blade bending loads have almost identical makeup
and the derived parameter consisting of the quantity LFm^n
is a major term in the equations for pushrod, blade bending,
and damper loads. The shaft bending load has a somewhat
different set of terms than the other loads.

Examining the significant parameters in the neural network
models is not as straightforward as for the regression equa-
tions because the information regarding the importance of
each input parameter is stored in a matrix of connection weights
that is not easily interpretable. However, one method to ex-
amine the relative importance of various parameters is to
perform an input sensitivity study. The sensitivity study is
conducted by removing each input one at a time and exam-
ining its effect on the output. The correlation between pre-
dicted and actual load with a given input removed is compared
to the correlation of the network with all of the inputs avail-
able and provides a measure of that variable's importance to
the output. Using this method the most important input pa-
rameters in the neural network models are determined and
the results are summarized in Table 8.

Summary and Conclusions
Several analytical techniques were used to examine features

found in flight test data for four rotor system components.
Multiple regression and neural network approaches were used
to develop load prediction models that were evaluated on a
broad range of different flight maneuvers. Based on the fea-
tures exhibited in the data used in this study, the following
conclusions can be made:

1) The low-speed/hover flight regime and the partial power/
autorotative flight regime are the most difficult regimes for
load prediction. Conversely, good accuracy is generally at-
tained for level flight, moderate-g, and aggressive high-g flight.

2) Pushrod and blade normal bending models showed the
highest overall accuracy with correlation coefficients ranging
from 85 to 93% and normalized rms error from 5 to 8%.
Damper and main rotor shaft bending loads were more dif-
ficult to predict.

3) Damper load behaves very nonlinearly across the load
range. Below 3800 Ib it shows very little correlation with the
independent parameters used in this study and is very difficult
to predict regardless of whether a regression or neural net-
work model was used. However, for loads above 3800 Ib, the
damper load could be predicted with a much higher degree
of accuracy.

4) Overall the neural network models performed slightly
better than the regression models and resulted in approxi-
mately 10% lower rms error. Two cases where the regression
equation produced higher accuracy than the neural network
was for pushrod load in the high-g flight regime and for high
values of damper load.

5) Dividing the data into flight regimes helps to isolate
where the models perform well and where they perform poorly.
Creating a separate model for each regime usually resulted
in a better model for the high-g regime. For the other four
regimes the overall models generally worked best.

6) An analysis of the standardized regression coefficients
as well as a neural network sensitivity analysis suggests that
load factor, velocity, and pilot longitudinal stick position are
the most important parameters for predicting vibratory com-
ponent loads in the rotor system.
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