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Abstract 

An approach to reduce number of spurious symp- 
toms in aircraft engine fault monitoring is investi- 
gated. Two strategies were utilized. A set of rules de- 
signed to filter spurious symptoms was created. Then 
a neural network was designed to generate expecta- 
tion value for each of the sensors monitored. The 
neural net was trained for a specific engine during 
normal operation. After capturing patterns for nor- 
mal engine behavior in the neural net, an expecta- 
tion value for the sensor is predicted. The success of 
this approach relies on generating better expectation 
values which in turn produce smaller variation from 
actual operating behavior and hence generate fewer 
spurious symptoms. Resulting hybrid system of neu- 
ral networks and rule-based model demonstrates a 
drastic reduction of overall spurious symptoms. 

1 Introduction 

One of the challenges in airplane engine health mon- 
itoring is the fact that no two engines behave identi- 
cally. Individual (serial number) engines may vary in 
behavior as much as 30%. If acceptable sensor devia- 
tion levels between expectation value and actual value 
are set at this level, recognition of valid symptoms is 
delayed or totally inhibited. Setting deviation values 
lower than 30% introduces spurious symptoms. Cre- 
ating generic engine monitoring system is thus a diffi- 
cult problem. An example is NASA’s Faultfinder, an 
in-flight engine monitoring and diagnostic system [2]. 
The Faultfinder consists of three modules, an engine 
monitoring component called MONITAUR, followed 
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by two diagnostic components: a rule based diag- 
nostic system and a model based reasoning system 
shown in Fig.1. Using real engine data and a.n en- 
gine model for comparison, both spurious and real 
symptoms were generated by the MONITAUR mod- 
ule. These spurious symptoms resulted from the sys- 
tem’s inablity to generate accurate expectation val- 
ues from an internal engine model. As the spurious 
symptoms were passed on for diagnosis, the potential 
for erroneous diagnosis was increased. 

The focus for the current work is to reduce spuri- 
ous symptoms generated in MONITAUR. The first 
step in this task is to identify sources of spurious 
symptoms from results of healthy engine monitoring, 
generate rules which detect the spurious symptoms 
identified, and populate a knowledge base previously 
designed within MONITAUR to filter identified spu- 
rious symptoms. 

The second step, and the thesis of this presenta- 
tion, is to examine the feasibility of using a neural 
network and rule base hybrid as a “front end” and 
“back end” respectively to MONITAUR. The neu- 
ral net front end, replacing the engine model, gener- 
ates better expectation values than those generated 
by the engine simulation. The back end rule base 
(knowledge base) then filters out potential spurious 
symptoms. 

2 es of spurious sy 

Before we discuss causes of spurious symptoms, we 
first describe five engine sensors, N1, N2, EPR, 
EGT, and FF. The N1 and Nz sensors measure the 
rotational speeds of the fan and high-pressure com- 
pressor, respectively. The fan and compressor gener- 
ally rotate at different speeds because they are con- 
nected to different turbine stages. Fuel flow, FF, 
measures the rate at which the fuel is entering the 
engine. The EGT is the exhaust gas temper&ure. 
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The EPR, engine pressure ratio, is a ratio of the air 
pressure at the exhaust divided by the air pressure at 
the engine inlet. In the MONITAUR module, each 
of the sensors listed are monitored for deviations in 
three attributes - absolute value, first derivative, and 
long term trend which is defined by an average slope 
of few seconds of time slices. 

There are several sources of spurious symptoms. 

Model deficiencies produce poor expectation val- 
ues which result in unacceptable deviations. 

Accurate modeling can produce nearly parallel 
expectation and actual curves with (short term) 
large deviations. 

Qualitative boundaries defined by MONITAUR 
can divide expectation and actual values. 

A lag factor between expectation and actual 
curves require a catch-up time factor. 

Sensor spikes and holes produce short term de- 
viations. 

Sensor failure can apprear as a symptom. 

Fig.2 whows a typical time-sensor value plot for a 
catch-up symptom. 

3 Spurious symptom redue- 
tion by rule base and neural 
networks 

Before an evaluation of techniques to reduce spurious 
symptoms could be attempted, a baseline of spuri- 
ous symptoms had to be established. The approach 
used was to first examine healthy engine data. Ide- 
ally, monitoring a healthy engine should produce no 
symptoms. Data collection was confined to a sin- 
gle engine type since different manufacturer’s engines 
manifested differing spurious symptoms. For the se- 
lected engine model, 9 data files of healthy engine 
data were used which had a total of 6900 data slices 
containing 35000 data points. A representative data 
subset was extracted for use as a baseline. This file 
was one of the 9 healthy engine files containing 115 
data slices with two thrust lever advances followed by 
thrust lever retards. 

The data was processed in batch mode by Fault- 
finder’s MONITAUR module. In this procedure 
MONITAUR calls an engine simulation for gener- 
ation of expectation values relevant to the current 
in-flight conditions. These values are compared by 

MONITAUR to the actual sensor data which was col- 
lected from the healthy engine during a flight. The 
baseline values obtained for spurious symptom gen- 
eration are shown in Tables 1, 2, and 3. 

3.1 Rule base spurious symptom re- 
duction 

The existing rule base from MONITAUR was popu- 
lated with rules which would classify the symptom as 
spurious. 

As the airplane sensor data is processed by MONI- 
TAUR, a set of symptoms are generated for each time 
slice. Before the symptoms are output from MONI- 
TAUR, the rule base is invoked to see if any symp- 
toms are to be classified as spurious and need to be 
delayed. 

When the representative baseline data set was pro- 
cessed with MONITAUR enhanced with the rule base 
filter, a reduction in spurious symptoms was achieved. 
A representative comparison of the results with the 
baseline by sensor is shown in Table 1. 

rule base baseline 
total # of spurious symptoms 35 256 

1 # of EPR symptoms I 3 I 11 I 
1 # of EGT symptoms I 15 1 92 1 

Table 1: reduction of spurious symptoms by rule 
base. Total number of possible symptoms is 115. 

To ensure that real symptoms were not being fil- 
tered by the rule base, a file of engine data containing 
a hung start fault was processed using this rule base. 
One symptom was delayed in recognition for two sec- 
onds, but none of the symptoms were removed or 
ignored by the rule base filter. 

3.2 Spurious symptom reduction by 
neural networks 

Second approach to reducing the number of spuri- 
ous symptoms in healthy engine data is to create an 
adaptive engine model whose purpose is to produce 
better expectation values. The approach was to use 
a feed-forward neural networks to capture patterns 
of healthy engine behavior and generate an expected 
value for a given sensor. Since we have 5 sensors, 
we trained 5 separate neural networks for each sensor 
modeling. We also assume that each sensor output is 
correlated with others. In other words, the output of 
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EGT can be a function of Nl, N2, EPR, FF, Oq 
0 represents throttle angle parameter, i.e., 

EGT = fi(N, N2, EPR, FF, e>, 
FF = f#‘h, h Ef’R, EGT, e), 

etc. 

, where 

In addition to these input parameters altitude and 
air speed (MACH) information is available for in- 
flight test. Since our experiment was limited to a 
ground operation data we did not use the altitude 
and air speed information in this study. 

In training a feed-forward network with backprop- 
agation algorithm, we use the error function E, 

E = f c(tk - Yk)2 +xxw;j, 
k Cj 

where i!l, and yk are target value and actual network 
output of the lath output unit respectively, and X is 
the regularization coefficient. Most of our simula- 
tions we use X = lo- 5. The purpose of the penalty 
term in the above equation is to penalize large weight 
(wij) increase so that the trained neural net improves 
generalization capability [3]. Though we tried with 
different penalty terms and different network archi- 
tectures with different learning methods such as re- 
current network learning, we do not address network 
performances in this article. 

To train the neural network off-line, we pre- 
processed each sensored data point (2) based on mean 
(M), standard deviation (a), minimum (gnain), and 
maximum (2,,, ) for normalization xn as following; 

2 = (z - M)/(T, and, zra = 2’~~~~~~~~~in, 

where -1.0 5 x:, 5 1.0. The gmaZ and gmin repre- 
sent the maximum and the minimum of the ? respec- 
tively. Fig.3 shows a typical result of network train- 
ing by a training data file containing about 500 data 
points. Note that the model deficiencies are drasti- 
cally reduced for E P R. 

When the training is completed, the modified 
MONITAUR system is used to process the baseline 
data set. It is important to repeat that all the train- 
ing sets and the baseline data must be generated 
from the same serial number engine. It is this en- 
gine’s unique behavior that has been captured in the 
weight set during training. The results of process- 
ing the baseline test set of healthy engine data with 
expectation values generated by the neural network 
instead of the engine model is shown in Table 2. 

# of N2 symptoms 8 31 
# of E PR symptoms 2 11 
# of EGT symptoms 33 92 

Table 2: reduction of spurious symptoms by neural 
network. 

Four healthy engine files from the same serial num- 
ber engine were processed through MONITAUR with 
the neural network filter to cross validate the effect of 
the neural network. The neural net achieved at least 
a 40% reduction of spurious symptoms in the worst 
case. It should be noted that while a considerable 
reduction in spurious symptoms was achieved using 
the neural net, there were several instances in which 
the neural net did not perform as well as the en- 
gine model in predicting expectation value. In those 
instances spurious symptoms were generated by the 
neural net where none had been generated by the en- 
gine model. It is hypothesized that this condition 
was the result of incomplete training of the neural 
net and not necessarily a failure of the adaptive filter 
concept. 

3.3 Spurious symptom reduction by a 
hybrid system 

Once neural networks are trained, we apply networks 
as a “front end” to the MONITAUR module. Then 
we put the rule base as a “back end” to the module. 
A schematic is shown in Fig.4. Using the hybrid, the 
neural nets replace the engine model as a source of ex- 
pectation values. This serves to reduce the number of 
spurious symptoms by generating better expectat#ion 
values. Those spurious symptoms still generated were 
then filtered by the rule base. The ability to better 
filter the surviving spurious symptoms results from 
generation of better expectation values which makes 
the expectation curve more nearly coincide with the 
actual curve. Our analysis shows that the rules in 
the “nearly parallel” category are then more readily 
fired. The results of processing the baseline test set 
of healthy engine data with this hybrid is shown in 
Table 3. 
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hybrid baseline 
1 

total # of spurious symptoms 23 256 
# of time slices w/o symptoms 96 0 
# of FF symptoms 4 97 
# of NI svmDtoms 0 25 

. . - w * 

# of N2 symptoms 
# of EPR symptoms 
# of EGT symptoms 

I 
J 

5 31 
0 11 
14 92 t I 

Table 3: reduction of spurious symptoms by neural 
net and rule base hybrid system. 

4 Final remarks 

A knowledge base of rules was constructed to filter 
known spurious symptoms and a neural network was 
developed to improve the expectation values used in 
the monitoring process. Both approaches were ef- 
fective in reducing spurious symptoms individually. 
However, the best results were obtained using a hy- 
brid system combining the neural net front end with 
the rule-based back in engine health monitoring. 

This evaluation of strategies to reduce spurious 
symptoms should be discussed with the limitations 
of each approach in mind. Both approaches consid- 
ered in this study are engine type dependent. The 
rule base constructed works for a specific manufac- 
turer on a specific engine type. However the rule base 
filter is more generic than the neural net. The neu- 
ral net should be trained for a specific serial number 
engine. 
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Fig.1. Engine Fault Monitoring in FAULTFINDER. 

Symptoms generated by the comparison between expectation and actual values are 
passed to a rule based diagnostic systom and to a model based diagnostic system. 

Fig. 2. Catch-Up Spurious Symptoms. 

Typical time-sensor plot showing regions of spurious symptoms (A & B). 
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Fig.3 Actual and Neural Net Expectation Curves. 

Regions of spurious symptoms are reduced as a result of better expectation. 
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Fig.4. Engine Fault Monitoring using the Hybrid System. 

The engine model (from Fig.1) is replace with a neural network. 
Neural network produces better expectation values (in Fig.3). The 
rule base is better able to filter remaining spurious symptoms in the 
hybrid system. 

associational model based fault 
fault hypotheses hypotheses 
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