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Abstract

This paper describes the use of neural networks for near-optimal
helicopter flight load synthesis (FLS), which is the process of estimating
mechanical loads during helicopter flight, using cockpit measurements.
First, modular neural networks are used to develop statistical signal
models of the cockpit measurements as a function of the loads. Then
Cramer-Rao maximum a-posteriori bounds on the mean-squared error
are calculated. Then, multilayer perceptrons for FLS are designed which
approximately attain the bounds. It is shown that all of the FLS networks
have good generalization.

I. INTRODUCTION

Rotor systems in helicopters suffer extreme vibrations. As a result, system
components accumulate amounts of fatigue damage which vary considerably with
different types of flight. Since it is necessary to avoid rotor system component failure,
a conservative usage spectrum is used which estimates the amount of time spent in
each type of flight. Unfortunately, the usage spectrum (1) leads to early retirement of
some components and a resulting waste of money, and (2) is difficult to keep track
of for individual aircraft. 

Flight Load Synthesis (FLS) is one approach to solving these problems. In FLS,
cockpit measurements are processed into estimates of the mechanical loads
encountered by critical parts. Accumulated loads, rather than a usage spectrum, can
then be used to determine component retirement times. The loads estimated from FLS
should allow for longer part lifetimes where appropriate. Here, we develop near-
optimal neural networks for FLS using data from Bell Helicopter Textron in Fort
Worth.

II. DESCRIPTION OF DATA FILES

In FLS, the goal is to process cockpit measurements called features into useful
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loads. In this section, we describe the features and loads found in data provided by
Bell Helicopter. We then describe the corresponding training data files produced for
neural networks.

The first set of FLS experiments uses parameters that are available in the basic
health usage monitoring system (HUMS), plus some others. The data was obtained
from the M430 flight load level survey conducted in Mirabel Canada in early 1995.
The input features include: (1) CG F/A load factor, (2) CG lateral load factor, (3) CG
normal load factor, (4) pitch attitude, (5) pitch rate, (6) roll attitude, (7) roll rate, (8)
yaw rate, (9) corrected airspeed, (10) rate of climb, (11) longitudinal cyclic stick
position, (12) pedal position, (13) collective stick position, (14) lateral cyclic stick
position, (15) main rotor mast torque, (16) main rotor mast rpm, (17) density ratio,
(18) F/A acceleration, transmission, (19) lateral acceleration, transmission, (20)
vertical acceleration, transmission, (21) left hand forward pylon link, (22) right hand
forward pylon link, (23) left hand aft pylon link, and (24) right hand aft pylon link.

The desired output loads are as follows: (1) fore/aft cyclic boost tube oscillatory
axial load (OAL), (2) lateral cyclic boost tube OAL, (3) collective boost tube OAL,
(4) main rotor (MR) pitch link OAL, (5) MR mast oscillatory perpendicular bending
st., (6) MR yoke oscillatory beam bending sta., (7) MR blade oscillatory beam
bending sta., (8) MR yoke oscillatory chord bending sta., and (9) resultant mast
bending, sta.position

Three training data files were produced. File F17.dat used features 1 through 17
and all nine output loads. The features correspond to those used on the basic HUMS.
File F20.dat used features 1 through 20 and all nine output loads. File F24.dat used
features 1 through 24 and all nine output loads. 

III. OBTAINING BOUNDS ON ESTIMATION ERROR VARIANCES

Cramer-Rao maximum a-posteriori (CRMAP) bounds [1] have been shown to
provide lower bounds on neural network testing error variances [2,3]. Specifically,
let the neural network error E be defined as

where MSEi denotes the error for the ith output parameter (load) and M denotes the
number of outputs ( number of loads). E and MSEi denote training error or testing
error, depending upon the situation. The CRMAP bound on var(θi'-θi), the variance
of the error between the ith output (load) θi and the ith output's estimate θi' is denoted
by Bi. Therefore,

When we have equality in (2), the estimates are usually optimal. In this section, we
show the details of how CRMAP bounds are calculated from training data.
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 A. Getting Bounds

In this subsection, we describe how to calculate the M by M MAP Fisher information
matrix [3] (FIM), given statistics on the training data. Let {xp,θp} for 1 @ p @ Nv

represent the training set for a neural network. Here, xp represents the pth example
of the N-dimensional random input vector x and θp represents the pth example of the
M-dimensional random parameter vector θ. 

Elements of the M by M MAP FIM, JMAP are defined as

where Eθ[]] denotes expected value over the parameter vector θ and En[]] denotes
expected value over the noise, where ΛMAP = on(pθGx(θGx)), ΛMLE = on(pxGθ(xGθ), and
ΛAP = on(pθ(θ)).  Assume that the elements x(k) of x are modeled as

where the elements s(n) and n(n) are respectively elements of the signal and  noise
vectors s and n. s is a deterministic function of the parameter vector θ. The N by N
covariance matrix of x or n is denoted by Cnn. The elements of JMAP in (3) can now
be evaluated as

where Cθ denotes the M by M covariance matrix of the M-dimensional parameter
vector θ and dθ(i,j) denotes an element of Cθ

-1. Let (JMAP)ij denote an element of
(JMAP)-1. Then [3],

where θik can be any estimate of θi. The Bi in (2) are the (JMAP)ii of (6).
In order to calculate the log-likelihood functions and the CRMAP lower bounds

on the variance of the parameter estimates, a statistical model of the input vector x is
required. This model consists of a deterministic expression for the signal vector s in
terms of the parameter vector θ, the joint probability density of the additive noise
vector n. In most applications however, the signal model is unknown and bound
calculation is not possible. One approach to this problem is to create an approximate
signal model from the given training data.
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 B. Signal Modeling

Given the training patterns for our estimator, we want to find the signal

component model and noise probability density function (pdf). We make the
following assumptions, which make this problem solvable.
 (A1) The unknown, exact signal model of (4) can be written in vector form as
 where xp and θp are defined as before, sp denotes the pth example of s, and np denotes
the noise component of xp.
 (A2) The elements θ(k) of θ are statistically independent of n.
 (A3) The noise vector n has independent elements with a jointly Gaussian pdf. 
 (A4) The mapping s(θ) is bijective.

 1. Basic Approach

From (5) and the assumptions, we need to find a differentiable deterministic
input signal model s(θ) and the statistics of n and θ. Our first step is to rewrite the
signal model of (7) as

where spk and npk denote approximations to sp and np respectively. Noting that s is a
function of the desired output θ, we propose to approximate the nth element of sp
with an inverse neural net,

for 1 @ n @ N where wo(n,k) denotes the coefficient of fp(k,wi) in the approximation
to sp(n), fp(k,wi) is the kth input or hidden unit in the network, wi a vector of weights
connecting the input layer to a single hidden layer, and Nu is the number of units
feeding the output layer. The vector w is the concatenation of the input weight vector
wi with the output weight vector whose elements are wo(n,k). Note that fp(k,wi) can
represent a multinomial function of parameter vector θ in a functional link network
[4] or a hidden unit output in a MLP or radial basis function network [5]. In practice,
because of the capabilities of the MLP for approximating derivatives [6,7], a MLP
neural network would be the first choice for generating sk.

Before we can find the neural net weight vector w in (9), we must have an error
function to minimize during training, which includes desired output vectors. Since we
want spk to approximate sp, the natural choice for the desired output is sp. Because sp

is unavailable, we can try using xp as the desired output vector, which yields the error
function for the nth output node,

The hope is that by minimizing Ex(n) with respect to w, we are simultaneously
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Figure 1. Inverse Network for
          Signal Modeling
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approximately minimizing

The signal model is determined from the noisy data by using a gradient approach,
such as backpropagation (BP) or output weight optimization (OWO) [8], to minimize
Ex(n) with respect to w, whose elements are denoted by w(m). The gradient of Ex(n)
is

A MLP network for obtaining the signal
model is shown in Fig. 1.

Given a model spk for the deterministic
signal component and given the noisy input
vectors xp, we get npk from (8) as

The mean vector and covariance matrix of the
noise component are then estimated as

In addition to the statistics of n, calculation of
the CRMAP  bounds in (3) requires
knowledge of the statistics of θ, which are 

When θ is non-Gaussian it is still possible to calculate good bounds using our
approach. Theoretical justification of this can be found in [9,10].

 C. Convergence of the Method

Since we are minimizing Ex(n) rather than Es(n) in the previous subsection, it is
not clear that spk is a good model for sp. In this subsection, we analyze the
convergence of the gradient of Ex(n) to the gradient of Es(n) with the following
theorem.



jEx(n)
jw(m)

�
�2
Nv

ˆ

Nv

p�1
[sp(n) � s �

p(n,w)]
js �

p(n,w)
jw(m)

� enm

�

jEs(n)
jw(m)

� enm ,
(15)

enm �
2
Nv

ˆ

Nv

p�1
np(n)

js �

p(n,w)
jw(m)

E[np(n)nq(n)] � σ2
n]δ(p�q)

E[e 2
nm] �

4

N 2
v
ˆ

Nv

p�1
ˆ

Nv

q�1
E[np(n)nq(n)]

js �

p(n,w)
jw(m)

js �

q(n,w)
jw(m)

�

4σ2
n

N 2
v

ˆ

Nv

p�1
(
js �

p(n,w)
jw(m)

)2

�

4σ2
n]Em

Nv

js �

p(n,w)
jw(m)

� fp(j,w i) ,

Em �
1
Nv

ˆ

Nv

p�1
f 2
p (j,w i)

Theorem: Assume that the training of the input weight vector wi is stopped after
iteration number Nit which is fixed and bounded, and that training of the output
weights wo(n,k) is allowed to proceed. Then, in the limit as Nv approaches infinity,
jEx(n)/jw(m) = jEs(n)/jw(m).
Proof: The proof is divided into three parts.

 1. Energy of the Gradient Noise
Continuing (12) we get

Using the fact that

the mean-square of the noise term enm is evaluated as

where Em is the average energy of the partial derivative of spk(n,w) with respect to
w(m) and σn

2 is the variance of  n(n). It remains for us to show that Em is bounded.

  2. Em for the Output Weight Case

First, assume that w(m) corresponds to an output weight wo(n,j). Then from (9),

Here, the terms in Em are input or hidden unit activations, or multinomial
combinations of inputs for the functional link case. These terms in Em are bounded
if the inverse network inputs (θi) are bounded and if the activation functions are
bounded. If (9) represents a functional link net, bounding of the inputs produces
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bounding of the multinomials fp(j,wi) and Em.

  3. Em for the Input Weight Case

Assume that w(m) corresponds to a weight wi(u) which feeds unit number j (a
hidden unit). Then

Functional link nets have no input weight vector and have Em = 0 for the input weight
case. For MLP and RBF networks, consider the two factors in Em separately. In the
second factor, partials of fp(j,wi) are bounded for bounded activations. Unfortunately,
the wo

2(n,j) term in the first factor in (16) is not bounded in general. Its value depends
upon the initial weight values, the training method chosen, and the learning
parameters. This can be solved by stopping the training of the input weight vector wi

after a bounded number of iterations, Nit. After this iteration, the vector w consists
only of elements wo(n,k), and we have only the output weight case.

In the limit, Ex(n) and Es(n) have equal derivatives and the same local and global
minima.

We have developed CRMAP lower bounds on FLS error variance, given the data
file described in the previous section, and using the approach described in [11].

IV. Designing Networks for Flight Load Synthesis

After the analyses summarized in section III, we should expect the training errors
FLS networks designed for 17, 20, and 24 inputs to be around .30 x 108, .29 x 108,
and .28 x 108 respectively. In this section we design MLPs for the FLS data.

 A. MLP Training Results

For all data files three-layer MLP structures are employed. The structures 17-13-
9, 20-13-9, and 24-11-9 are for data files F17.DAT, F20.DAT, and F24.DAT,
respectively. The number of training iterations for each case is 50. Figures 1, 2, and
3 show training MSE versus number of iterations for all data files. Each figure also
has CRMAP  bounds obtained from an MLP signal model and from a Modular net
[12,13] signal model. The average computation time per iteration, on 486DX 50MHz
machine, for data files F17.DAT, F20.DAT, and F24.DAT are 15.43 seconds, 17.57
seconds, and 17.28 seconds, respectively.



Fig. 2. MLP Training Results and Total
Bound for File F20.DAT

Fig. 1. MLP Training Results and Total
Bound for File F17.DAT

From figures 1-3, we see that bounds from modular net signal models are smaller
than those from MLP signal models. It remains to be seen which bounds are more
correct for testing errors.

 B. Testing Results for Designed FLS Networks

Lacking  testing  data for the FLS problem, we split each original FLS data set
into two subsets: one  for training and the other  for testing. By doing so, we can
evaluate the generalization ability of  the designed FLS networks. The ratio  of  the
training set to  testing  set sizes is 3 to 2. The number of training patterns is 2823 and
the number of testing patterns is 1922. For the new training data sets, the structures
17-18-9, 20-12-9, and 24-2-9 are used for 17-input, 20-input, and 24-input files,
respectively. All networks were trained for 50 iterations. The testing MSEs are
obtained when the designed FLS networks are trained after 10, 20, 30, 40, and 50
iterations. The training and testing results are shown in figures 4 to 6, which are
respectively for files F17.DAT, F20.DAT, and F24.DAT.

Comparing figures 1 and 4, 2 and 5, and 3 and 6, we see that the modular net
signal models provide good lower bounds on testing error. We also see that the FLS
networks are close to optimal.



Fig. 3. MLP Training Results and Total
Bound for File F24.DAT

Fig. 6. MLP Training and Testing Results
(F24.DAT)

Fig. 5. MLP Training and Testing Results
(F20.DAT)

Fig. 4. MLP Training and Testing Results
(F17.DAT)

V. CONCLUSIONS

In this  paper, a method for calculating CRMAP bounds on neural network
testing error variance has been described. The method has been successfully applied
to the problem of flight load synthesis in helicopters. MLP neural nets have been
trained that approximately attain optimal performance, as indicated by CRMAP
bounds. Much work remains to be done. We need to size the inverse networks
reliably , in order to produce better bounds. We also need to determine the bijectivity
of mappings directly from the training data.
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