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Abstract.

Testing is an important part in all production processes, particularly in processes

such as automotive air bag manufacturing. At TRW. both production ajr bags and new engineering

designs are tested.

Because of the high volume of tests and the high volume of data which are

collected during tests, automated data collection and analysis is a highly desirable feature of the
data acquisition software {DAS). This paper discusses TRW's DAS and how autematic data analysis
was incorporated in the DAS. In particular, a neural network is used to classify the results of the
test and hence provide lab personnel with a helping hand in their disposition of the test data.
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1. INTRODUCTION

An air bag is comprised of three main components:

e The inflator;
® The bag itself {usually made of fabric); and
» Associated hardware.

The inflator, which is the most critical component
of the air bag, is currently based on pyrotechnic
technology and is comprised of four main subcom-
ponents:

e Solid propellant;

» An initiator;

e A filter; and

* Structural hardware,

The activation of the air bag is begun at the start
of an accident by applying an electrical stimulus
to the initiator. This results in ignition of the
propellant, which rapidly generates a high velume
of gas (primarily nitrogen). The gas inflates the
bag so as te provide a supplemental restraint for
occupants of the vehicle.

About 90% of the air bag tests which are per
formed are called inflator tests and are geared to-
ward determining or verifying the performance of
the inflator. An inflator test is a test in which the
air bag inflator is fired after being attached to an
opening at the top of a tank. Various data are
collected during the tess, including the firing cur-
rent, the firing veltage, two channels of pressure in
the tank, pressure in the combustor {inside the in-
flator), and temperature in the tank. This paper
discusses the acquisition and analysis of inflator
test data.

The inflator test needs to be properly set up, and
data acquisition needs to be reliable. If the test is
not properly set up, then the test may be wasted.
For example, one customer may require a partic-
ular amperage for the firing pulse. If the wrong
amperage is used, the test results will noé be ac-
ceptable to the customer. The data acquisition
needs to be reliable, because a loss of test data
may mean that the test was wasted. Loss of test
data could result in missing a scheduled shipment
(if the test was a production test). A loss of test
data could also result in the waste of a carefully
manufactured prototype unit. So the loss of test
data could be very expensi/e. It should be a high
priority of any data acquisition system to be as
robust and reliable as possible.

Automated anaiysis of the test data minimizes the
need for tedious, manual inspection of test results.
Each test resulis in a graph and a one-page report
surnmarizing the results of the test. The manual
review of the graph and report for such a large
number of tests would require tedious work from
trained personnel. Automating the analysis frees
up lab personnel to perform tasks which are bet-
ter suited to their training, although final deci-
siohs are always made by qualified tesl personnel
rather than by automated software systerns. Sev-
eral data analysis functions have been autornated
at TRW’s test lab. These include the cornpar-
isoni of the tank pressure data between the two
channels, checking that the tank pressure is within
a certain envelope. and heuristically checking the
shape of the pressure curve to ensure that the test
imstrumentation is funetioning properly.




2. DATA ACQUISITION

Until recently, data acquisition was performed on
PCs in a Windows 3.0 environment. The data
acquisiton software {(DAS) was written in the C
programming language several years ago. As it
went through many modifications it became com-
plex and extremely difficult to maintain. Any new
feature which was desired (such as a new type of
filtering of pressure data) required many months
and much expense. In addition, the DAS did net
have any automated test setup or data analysis
functions. As such, setup errors were possible.
Problems with the test instrumentation could be
undetected until several tests had been wasted.

The first decision to be made was whether to use
canned DAS, or write our own (House, 1995). It
was fairly clear that we would need to write our
own due to the many special capabilities and func-
tions which we would require. The general re-
quirements for the new DAS were as follows:

1. Provide a user-friendly interface:

2. Smoeothly interface with the Laboratory In-
formation Management System (LIMS):

3. Basily maintain and update the software;

4. Allow for data acquisition at the rate of up

to 1,000,000 samples ;/ second;

Allow testing even if the computer network is

down;

6. Check that the test has been set up correctly
before the unit is fired;

7. Automatically analyze test data in order to
provide a helping hand to test lab personnel.

o

Requirement 1 is important because the inflator
tests are conducted by test operators who are not,
in general, compuier experts. The DAS needs to
be easy to use for someone with minimal computer
experience, The test lab cannot afford to have tes:
operators waste time trying to figure out how to
use the software. So Requirement 1 dictated that
the DAS be written in a language which provides
a Graphical User Interface (GUI}.

Requirements 2 and 3 above dictated that the new
DAS be written in Microsoft’s Visual Basic (VB)
programming language. The lab’s LIMS is written
in VB, so the use of VB-based DAS makes the
sharing of routines easy. It also makes the sharing
of dala easier, since both LDMS and DAS have
straightiorward interfaces with Microsoft Access
databases. (VB incorporates the same database
engine that powers Microsoft Access.) VB is a
relatively powerful and well-supported language
which makes Windows programming quite easy.

Requirement 4 is given because current and volt-
age may be requested at up to 200 KHz each, the
three pressure channels {(two tank channels and
one combustor channel} may be requested at up

o0

to 40 KHz each, and the temperature may be re
quested at up to 20 KHz. This results in a total
throughput of up to 540 KHz. So a throughput
of | MHz satisfies the requirernent with plenty of
cushion. The best solution for this requirement
was a purchased data acquisition board. Fortu-
natety, data s collected for only 120 msec, so even
though the throughput is high, the total amount
of data is manageable,

Reguirement 5 is important because testing needs
to continue even if the computer network is not
functioning. The test lab cannot stop testing
just because there is a problem with the network
server. 1f the network is up, then test instructions
are retrieved from the network. The test instruc-
tions include such things as tank size, firing cur-
rent duration, whether or not the inflator should
be weighed before and after testing, and whether
or not the infiater should undergo environmental
conditioning before testing (e.g., vibration, drop,
altitude). The test instructions are stored on the
network by ene of two mechanisms. For engineer-
ing tests, the test instructions are stored by engi-
neers who request a certain test. For production
tests, the test instructions are stored as “template
fiies” based on requirements from the customer. If
the network is down, then the DAS uses a local
copy of the test information to conduct testing. A
PC in the test lab runs an archive program and
periodically downloads test instructions from the
network. That way, if the network is down, there
is a PC available which has the latest test fnstre-
tions available. So the operator can transfer the
test instructions from the Archive PC to his PC
via Hoppy disk. The test results are uploaded to
the network imnmediately after testing. Again, if
the network is down, ihe iest results are main-
tained on the iocal PC and the network status
is checked periodically. As soon as the network
comes back up, the test resuits are uploaded.

Requirement 6 was met by retrieving test informa-
tion from the LIMS database, and automatically
confisuring the DAS based on the test informa-
tion. or else interactively verifying with the test
operator thai the test is set up correctly. For ex-
ample, the LIMS database specifies which data
channels should be recorded, so the DAS is au
tomatically configured based on that information.
The [.IMS database also specifies the temperature
af the inflator which is to be tested, so the DAS
interactively verifies with the test operator that
the inflator has been conditioned at the required
teruperature. A partial list of test setup checks is
as follows:

o Inflator temperature;

e Channels which should be recorded;

» Whether or not a chemical sample should be
taken after the unit is fired;
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e Whether or not. the inflator has been “logred
in” at the lab;

e Whether or not the inflater should be
weighed before and after it is fired:

» Whether or not a video or photograph of the
test should be taken;

e What the firing pulse should be (amps and
time duration).

The overall flow of the new data acquisition pro-
cess is depicted in Figure 1. Requirement 7 was
satisfled by incorporating data analysis algorithms
in the DAS, and is discussed in detail in the fol-

lowing section.

3. DATA ANALYSIS

There are three main data analysis functions in
the new DAS. These include pressure curve en-
velope checking, channel comparison, and neural
pressure curve classification. Future additions to
the DAS analysis capability will include pressure
curve slope inspection and iest trend analysis. If
any of the data analysis algorithms indicate an
issue, then the test operator is notified and the
appropriate information is attached to the test
record in the LIMS database.

Customers supply pressure curve envelopes which
bound the expected tank pressure curves. If the
pressure curves fall outside of these envelopes,
then a problem with the instrumentation may be
indicated. Once the DAS collects the pressure
data, it is an easy matter to verify that the pres-
sure curves are within the envelopes.

Tank pressure is collected on two channels to en-
sure the integrity of the data. Theoretically, the
two pressure curves should lie virtually on top of
each other. In practice, the pressure curves differ
at times due to slight differences in the instrumen-
tation or asymmetry in the inflator. If the differ-
ence between the two pressures exceeds predefined
tolerances, then an issue with either the inflator
or the instrumentation may exist and appropriate
action needs to be taken.

The shape of the pressure curves is analyzed by a
backprepagation-trained neural network {Caudill.
1990). The shape of the curve should be fairly
smooth. Any “wiggles” or “bumps” in the curve
may indicate faulty instrumentation or an infia-
tor which is out of spec. The problem is that
guantification of how much “wiggle” or “bump”
is necessary to arouse suspicion is largely an intu-
itive judgment by trained lab supervisors. So the
expertise of the lab supervisors was used to train
a neural network to perform the classification for
the supervisor. If the neural network classifies the
pressure curve as “need to inspect,” then the test
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Fig. 2. Typical Pressure Curve

operator and the supervisor are notified electron-
ically in real time. The supervisor can then take
apptropriate action, e.g., inspecting the test instru-
mentation.

4. NEURAL PRESSTURE CURVE
CLASSIFICATION

A typical tank pressure curve for an inflator test is
given in Figure 2. The curve has been filtered with
a moving average filter, and looks quite “smooth”
upen visual inspection. By way of contrast, Fig-
ure } shows an unusual-looking pressure curve.
The undulations of this curve may be due to an
1ssue with the pressure transducer, which would
indicate that the test data is of questionable value,
and the pressure transducer needs to be replaced.
Or the undulations may be due to an assymet-
ric inflator, causing much more gas to be expelled
from one side of the inflator than from the other
side, which may indicate an issue with the product
or the process. The sooner these unusual-locking
pressure curves are flagred, the sooner the under-
lying issues can be rectified. The difficulty with
catching these unusual-looking pressure curves is
that recognition of anamolies in the shape of the
curve is largely an intuitive judgment. Fhe juds-
ment can be made easily by trained and expe-
Tienced lab personnel. But the experienced lab
personnel do not have time to inspect every pres-
sure curve, and the test operators do not have the
experience to recognize anamolous curves.

Automating the pressure curve classification thus
seerns to be a issue which could be solved by some
sort of “artifical intelligence.” We chose to use
neural networks due to the difficulty of linguisti-
cally expressing the details of the problem. The
primnary challenge was not in choosing a network
architecture, but rather in choosing how to pre-
process the pressure curve o as to obtam the in-
puts to the network. 1t has been said that if you
don’t preprocess the data correctly, no network
architecture will give you good results; but if yeu
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Fig. 3. Unusual Pressure Curve

do preprocess the data correctly, any network ar-
chitecture will give you good results. While this
statement is obvicusly hyperbole, it does convey
the importance of preprocessing,

There are 72 inputs to the neural network, 10 hid-
dex: neurons, and two outputs which indicate how
to classify the pressure curve. It was determined
after rnuch trial and error that the second deriva-
tive of the pressure curve was critical for pressure
curve classification. Since the pressure curve is
actuaily a discrete set of points obtained from a
digital computer, we needed to compute the sec-
ond derivative using a numerical approxirnation.
The standard approximation was used:

13”(31)
[P(ta} = 2P (1)) + Pltoj/4°

PH (tl) e

(1)

where ty — ¢ = A bound of the
arror beiween this approximation and the actual
value of the second derivative is given as (Atkin-
sor, 1989)

t — tg = k.

1E .
= (2)

el ] h-z ‘e ‘
|B"() = PU(a)t < PG+ 5

where tp < { < tg and F is some unknown con-
stant. It can be seen from this equation that the
optimal value of & depends on the relative mag-
nitudes of P#)(-} and B. We chose to try three
different values of 2 (say Ay, ho and A3l in the
approximation, and let the neural network decide
which value to use for pressure curve classifica-
tion. That is, we fed approximations of £7(-} into
the neural network using three values of A, and
the training algorithm for the network ended up
giving greater weight to the approximation which
had the least error. The method of determining
the network imputs can be summarized as follows.

Preprocessing Algorithm:
For = (1,2, 3) do the following:

1. Find the maxirum second derivative approx-
imation using the stepsize h;. Denote this

ivl

Fig. 4. Second and Fourth Derivatives of a Typical
Pressure Curve

estirnate as f’{’ (tsmaz)

2. Find the inflection points on either side of
Pl (tmaz) (l.e.. find the zero-crossing points
of PZ.M (¢}. where Pz-(4) (t) is a numerical esti-
mate of the fourth derivative of P(t} using the
stepsize ;). Denote these inflection points as
tip and t;;. Do not consider any point of the
pressure curve where ¢ € [t;,t;] on subse
quent passes through this loop.

Use trmax, ﬁf’(tm), ﬁé'(tmu), and .ﬁé’(tmaz)
a3 Inputs 10 the neural network.

L2

Now execute the above loop three more tirnes,
except find the three smaliest second derivatives
rather than the three largest second derivatives.
This process results in a total of 72 inputs to the
network: feur inputs from each pass through the
loop, looping for three extreme maxima and three
extreme minima. aud three stepsizes k; for each
maximurn and munimum (4 x 3 x 2 x 3= 72).

As an example, Figure 4 shows a pressure curve
and its second and fourth derivatives. Consider
the search for the relative minima of the sec-
ond derivative. The first input to the network is
the second derivative relative minimum at about
t = 16 msec (Point A). The second most nega-
tive second derivative relative minimum occurs at
about ¢t = 18 msec {(Point B). But Point B is not
used as an input because it oceurs between the
sarpe two inflection peinis as Point A. That is,
Points A and B oecur between the same two zero-
crossings of the fourth dedvative. Insitead, Point
C is used as the next input to the neural network
simee 1t occurs beiween different inflection points
than Point A.

The training process was an interactive exercise,
with the neural network parameters changed by
the neural network engineer based on the train-
ing progress. Some oi the pararneters which were
changed during traiming and which made a not-
1cable impact on iraining progress included the
learning rate. the momentum factor, and the er-
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Fig. 5. Neural Network Training Progress

ror toleratice. The error tolerance is a threshold
below which neural network responses are consid-
ered perfect (Caudill, 1991). For instance, if the
error tolerance is ¢, then any neural network re-
sponse which has an error less than ¢ is consid-
ered a perfect response, so the error is set to zero.
This has the effect of preventing weight changes
due to small errors, thus precluding unnecessary
oscillation of the weights. In general, as train-
ing progressed and the error decreased, the neural
network engineer decreased the learning rate, in-
creased the momentum factor, and decreased the
error tolerance. Figure 4 shows the decrease of
the test error as a function of the number of back-
propagation iterations. We used several hundred
pressure curves for the training inputs, and several
hundred curves for the test cases.

Three stepsizes h; were used in Equation 1. The
inputs to the neural network consisted of second-
derivative approximations; 1/3 of the inpuis used
hy masec, 1/3 of the inputs used ks, and 1/3
of the inputs used A3 msec to compute the ap-
proximations. Upeon inspection of the neural net-
work weights after training, we saw that the in-
puts which came from the £, msec approximations
were given consistently greater weights that the
inputs which came from the A2 msec and g msec
approximations. This gives us reason to believe
that the &y stepsize gives more information about
the pressure curve than the other stepsizes, and
hence that the hy stepsize gives a better approxi-
mation for the second derivative.

Recall that (for a given stepsize h;} the steps in
the Preprocessing Algorithm are executed three
times for the maximum second derivative. The
three times through the algorithm correspond to
searches for the largest, second largest, and third
largest second derivatives of the pressure curve.
Similarly, the algorithm is executed three times for
the smallest, second smallesi, and third smallest
second derivatives. Upon inspection of the neural
network weights following training, we saw that
the weights from the largest and smallest second

derivatives were given noticably higher weights
than the second and third largest and smallest sec-
ond derivatives. As expected, the neural network
training gave more significance to more extreme
values of the second derivative.

The relative magnitudes of the neural network
weights lead us to believe that the network could
be pruned quite extensively to speed up train-
ing, and possibly improve generalization {(Karnin,
1990},

5. RESULTS AND CONCLUSIONS

Initial requirements definitions and coding for
the air bag DDAS were accomplished in six man-
months, after which a working prototype was
available. Another six man-months were required
for testing, debugging, and refinements of the
DAS. As of the present time, we are in the pro-
cess of installing the new DAS in the test lab.
Initial results are encouraging, and we antici-
pate a marked increase in productivity due to the
new IDAS. Fewer setup issues will occur, more in-
strurnentation issues will be caught immediately,
and valuable lab supervisor resources will not be
wasted on tedious and mundane inspection of rou-
tine test results.
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