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Health monitoring of liquid-propellant rocket engines (LRE) is one of the key technologies for im-
proving the safety of existing engines and developing reliable next-generation engines. Extensive research
has been done on the health monitoring of the Space Shuttle Main Engine and next-generation reusable
LRE. A brief overview of these research projects is presented. Research advances on the health monitoring
of the Long March Main Engine YF-20B are described in detail. The failure mode simulation and analysis
of the YF-20B engine are introduced. A component module-based diagnosis method is developed, and a
fuzzy hypersphere neural network is demonstrated for the fault detection and isolation of the engine. A
real-time verification system for the health-monitoring algorithms and system was constructed and ap-

plied in the research.

I. Introduction

ECAUSE of increasingly stringent requirements for the

safety, reliability, and operational capabilities of space ve-
hicles and their launch systems in the past 30 years along with
the feasibility provided by the progress of modern science and
technology, the health-monitoring techniques for liquid-pro-
pellant rocket engines (LRE) have undergone significant de-
velopments.

In earlier stages of development, health-monitoring technol-
ogy was applied in the ground test process for large-scale LRE.
In the 1970s, expendable LREs, such as Atlas and Titan, were
monitored by redlines, which are limits or thresholds on some
important operating parameters,’ and automatic test data anal-
ysis systems were progressively developed for these engines
in early 1990s” The partially reusable rocket engine Space
Shuttle Main Engine (SSME), developed in the 1970s, is mon-
itored by a condition-monitoring system that is a simple func-
tion of redlines.” In the 1980s the SAFD (System for Anomaly
and Failure Detection) was developed for SSME ground tests
to improve the monitoring performance of the redline system.’
To develop higher-performance health-monitoring systems for
SSME and next-generation reusable rocket engines, health-
monitoring systems, such as HMS (Health Monitoring Sys-
tem),” HMSRE (Health Management System for Rocket En-
gine),’ THM (Integrated Health Monitoring),* and ICS
(Intelligent Control System)">® were proposed and studied in-
tensively from the late 1980s to the early 1990s. The opera-
tions coverage of the health-monitoring techniques was ex-
tended from ground test to flight and postflight evaluation. The
high-thrust rocket engines developed in the former USSR, such
as the RD-170, RD-120, and RD-0120, were equipped with
TDS (Technology Diagnostic Systems) in the 1980s. The TDS
evaluates the operational health of the engine during the
ground test and postflight through detecting and diagnosing the
static and dynamic parameters.”®

From the preceding statement it can be seen that the upward
trend of continuously increasing requirements for the health
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monitoring of propulsion systems is increasingly urgent. In the
past 30 years an enormous development and wide application
of correlative scientific theory and advanced technology has
responded to these requirements. The theories and methods of
emerging science and technologies such as computer science,
automatic control, signal processing, system identification, ar-
tificial intelligence, and special sensor technology are exploited
abundantly in the course of developing and studying health-
monitoring systems for liquid rocket propulsion systems.
These techniques have been applied successfully to fault de-
tection and diagnosis (FDD) in fields such as machinery, elec-
tronic systems, chemical engineering, aviation, and nuclear
power. Thus, some relevant experience is available for the de-
velopment of health-monitoring techniques for space vehicles
and liquid rocket propulsion systems.

Health monitoring of LRE has become one of the key tech-
nologies for improving the safety of current engines and for
developing a new generation of reliable engines. FDD tech-
nologies play a very important role in the health monitoring
of LRE. Therefore, research work has focused on the adequacy
of detection and diagnosis algorithms. To provide an overall
description of theoretical research on and application of health-
monitoring technology to LRE, the structure, systems, and al-
gorithms of health monitoring will be reviewed in the follow-
ing sections. Some research advances on the health monitoring
of the YF-20B engine are described in detail.

II. Principles of Health Monitoring

Failures of LRE can be divided into slow and urgent cate-
gories. Slow failures, such as wearing of gears and propellant
leaks, can result in the deterioration of engine performance,
but urgent failures, such as leaking of fuel into the oxidizer
pump, may lead to the explosion of an engine. Health-moni-
toring technology of LRE can provide fault alarms or control
capacity for propulsion systems to ensure mission success and
prevent the loss of life and destruction of facilities because of
disastrous failures. Health-monitoring systems for LRE consist
of fault detection, diagnosis, decision making, and fault con-
trol.

Fault detection can be conducted through analysis of mea-
surements from special sensors and computational algorithms.
Much effort has been made to increase detection sensitivity
while reducing the possibility of false alarms.

The function of fault diagnosis algorithms is to recognize
the failure type, locate the failure position, and determine the
failure extent. Detecting and diagnosing processes may be
combined in one algorithm.
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According to the diagnostic results the decision-making al-
gorithm evaluates the developing trend and the influence of
the failure on the engine operation conditions. Fault control
action is then introduced to shut down the engine, reduce the
thrust level, or switch to redundant systems.

Because of the extreme complexity of the dynamic process
and strong random disturbances in the operation of LRE, it is
difficult to model the engine system accurately. Therefore, de-
tection and diagnosis algorithms must be designed to be robust
in terms of model uncertainties and random disturbances, that
is, to be sensitive to faults with a very low false-alarm possi-
bility. To maintain the inherent reliability of a rocket engine,
it is required that its health-monitoring system not be incor-
porated into the engine hardware. Research on algorithms for
fault detection and the diagnosis of LRE has also focused on
real-time abilities to increase the response speed of the algo-
rithm.

III. Overview of Health Monitoring Systems

The technical development of health monitoring LRE
mainly includes system architecture, sensor technology, and
algorithms. A brief overview of these three aspects of health-
monitoring research will be given in this section.

A. System Architecture

Since mid-1980, many health-monitoring system architec-
tures have been proposed and developed, and many of them
have tried to improve the health monitoring of SSME.

The SAFD system was studied and applied to improve the
fault-detection ability of the SSME ground test process.' SAFD
is suitable for fault detection during main-stage operation of
SSME. The average value of every measured parameter is cal-
culated in a statistical window, and 23 parameters were se-
lected for monitoring. A shutdown command will be given if
the average parameters of any four sensors exceed their thresh-
old during engine operation. Because of the much narrower
threshold used in SAFD, the detection response and reliability
of SAFD are much better than those of redlines. Reference 1
also developed the Flight Accelerometer Safety Cutoff System
and model-based algorithms, and ran these algorithms in par-
allel with SAFD during the monitoring of SSME. This health-
monitoring system architecture is HMSRE."

The HMS was proposed to enhance the monitoring perfor-
mance of SSME.” The HMS consists of five functional sub-
systems, namely, health monitoring, test data recording, off-
line data analysis, database, and system communication. The
system architecture is of three levels. Three detection algo-
rithms, ARMA (Auto-Regression Moving Average), RESID
(Recursive Structural Identification), and Cluster, are used in
the first level to process sensor data in parallel. The health
condition of engine components are evaluated according to the
outputs of the first level, and the health condition of the whole
engine system is evaluated in the third level.

The PTDS is a posttest diagnostic system for the SSME.” It
is a general automatic posttest or postflight data processing
system for rocket engines. The IHM was developed for ex-
pendable and reusable rocket engines.* Its systemic monitoring
concept includes manufacturing health monitoring, ground
health monitoring, and vehicle health monitoring.

The ICS synthesizes fault detection, diagnosis, and multi-
variable control techniques for the health management of lig-
uid-propellant rocket engines.">*'* It was proposed and studied
for the SSME and next-generation reusable rocket engines.
The engine operation parameters, such as thrust, mixture ratio,
turbopump rotation speed, and high-pressure turbine temper-
atures are considered to be controlled variables. Engine detec-
tion and diagnostic results are used to drive the multivariable
control system to control thrust level or reconstruct the pro-
pulsion system. ICS is a very useful concept for improving the
flexibility, operability, and availability of next-generation re-
usable propulsion systems.

B. Sensor Techniques

Sensor technique is the basis of the health monitoring of
LRE. Firstly, all of the detection and diagnostic results of al-
gorithms depend on data from sensors and, secondly, specially
developed sensors can be used for the direct health evaluation
of engine components.

Reference 3 evaluated 30 sensor technologies that may po-
tentially be used in SSME health monitoring. Among them are
eight easily available technologies: plume spectroscopy, acous-
tic emission, optical pyrometer, solid-state leak sensor, poly-
vinylidene fluoride sensor, plume electrical diagnostics, fiber-
optic deflection meter, and a laser vibration sensor. Reference
11, for example, successfully developed a plume spectros-
copy diagnostic system, the Optical Plume Anomaly Detector
(OPAD), and applied it in their ground test facilities.

Reliable fault detection and diagnosis require data provided
by sensors. However, the possibility of sensor anomaly is
sometimes much higher than that of the engine components.
Therefore, sensor fault detection and diagnosis are of great
impc1>2rt1zimce and there has been significant research on this sub-
ject. ™

C. Algorithms for FDD

FDD algorithms process signal data and evaluate the health
conditions of the engine system. The construction of these al-
gorithms can be based on the mathematical model of an engine
system or on the experience of experts.

1. Model-Based Algorithms

Mathematical models of the engine system can be developed
from the principle of the dynamic process in the engine sys-
tem. The difference between the model output and the engine
sensor output is taken as the residual. FDD decisions are made
by means of statistical or logical processing of the residuals.
The RESID is a nonlinear static modeling algorithm for de-
tection for the SSME startup.” The ARMA algorithm for the
detection for the main stage of the SSME models the engine
parameters with the auto-regression moving average method.’
A power balance model was used in Ref. 14 to develop a real-
time monitoring algorithm for the SSME. The higher-order
state-space model was also used to construct detection and
diagnosis algorithms by means of state estimation or param-
eters identification.'

2. Pattern Recognition

The main task of the failure detection is to distinguish be-
tween nominal and abnormal situations, so that pattern-rec-
ognition-based diagnosis systems can be derived.'® A pattern-
recognition-based detection algorithm was developed for the
main-stage monitoring of SSME.”

3. Artificial Neural Networks

Artificial neural networks have the advantages of associative
memory, self-leaming, adaptive ability, self-organization,
strong robustness, and parallel processing. Therefore, they can
play an important role in the monitoring algorithms for liquid-
propellant rocket engines.'”'® Radial basis function classifier
networks were developed to predict element concentration and
combustion temperature in a plume spectrum.'®

4. Expert Systems

Expert system algorithms apply human experts’ experience
to the detection and diagnosis of rocket engines. Reference 20
developed a health-monitoring expert system, THAES (Titan
Health Assessment Expert System), for the automatic posttest
evaluation of the first-stage engines of Titan. THAES was con-
structed in “if-then” rules, among which are 42 rules for de-
tection and 48 rules for diagnosis. Expert system algorithms
were also developed for detection and diagnosis in the
SSME.*"*
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IV. Research on the Health Monitoring
of the YF-20B Engine

The Long March Main Engine, YF-20B, is a gas-generator
cycle engine with a UDMH/N,O, propellant combination. The
health monitoring of the YF-20B engine is of great importance
for the enhancement of the safety and reliability of the launch
vehicle series.

A. Fault Simulation and Analysis

The failure modes and failure response characteristics of
LRE are the fundamental bases for the study of FDD methods.
Because of the cost and danger of failure tests, it is not realistic
to acquire enough test data under many fault conditions solely
through tests. Thus, LRE fault simulation and analysis play an
important role in the study of FDD of LRE.

1. Mathematical Models of YF-20B Engine

The LRE is a complicated thermodynamic and hydrody-
namic mechanical device. In general, the failure modes of the
operating process can be divided into two general categories:
Fluid pipeline system failures and mechanical failures. These
failure effects can be displayed by changes in the LRE’s per-
formance and thermodynamic parameters.” In this paper, em-
phasis is placed on studying the FDD methods based on the
thermodynamic and hydrodynamic parameters. Therefore, a
discussion of the fundamental principles of the engine-oper-
ating process and its mathematical models is first presented,
and the main failure modes of the YF-20B engine are then
described.

The YF-20B engine is a pump-fed system driven by a gas
generator as shown in Fig. 1. In the diagram the control gas
lines and pressurization system lines are not shown and they
are not considered in the mathematical models.

The mathematical model is the basis of the study of LRE
health-monitoring techniques. These models include static
nonlinear models, dynamic nonlinear models, and other mod-
els suitable for different purposes, such as real-time simulat-
ing models, filter-designing models, and parameter-estimation
models. Thus, much attention has been paid to and significant
effort has been expected on the building of models.

By the comprehensive use of engine pipeline equations, tur-
bopump equations, and thrust chamber equations, the lumped
parameter models of the YF-20B engine have been devel-
oped.® According to the requirements, the static nonlinear
models (including fault factors) are set up for static fault effect
simulation, linear fault isolation methods study, and analysis
of sensitivity of the parameters measured. Also established are
the dynamic nonlinear models (including fault factors) for fault
transient performance simulation, fault mode identification and
verification, faulty dynamic data production, filter design
model production, etc. A real-time fault simulation model is
used for the real-time verification system.

2. YF-20B Engine Failure Modes and Effect Analysis

Failure mode analysis mainly includes the statistical analysis
for the main failure types and the probability of occurrence,
the selection and evaluation of monitored parameters, the anal-
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Fig. 1 YF-20B engine propellant flow schematic.
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Fig. 2 Statistical results of failure types of YF-20B engine.

ysis of the monitored parameters’ sensitivity to faults, and the
response characteristics of the monitored parameters to failure.
Both test data statistics and numerical simulation methods are
used in the failure mode analysis.

The historical test data of the YF-20B engine show that the
main failures of YF-20B include turbopump system failure,
valve failure, pipeline failure, and thrust chamber failure. The
failure modes include leakage at joints, rupture of turbine
blades, damage of shafts and bearings, fracture of ducts, failure
of seals, operating anomalies in valves, superfluous inclusion,
and ablation of components. The statistical results of test fail-
ures of the YF-20B engine are shown in Fig. 2.

It can be seen that the turbopump system failure is the most
likely to fail. Therefore, emphasis should be placed on turbo-
pump fault detection and diagnosis for the YF-20B engine.

To carry out fault detection and diagnosis of LRE, not only
should the main failure modes of engine be well known but
also the measured response of signals to a variety of failure
modes should be identified.

The operating conditions of LRE are described by a number
of thermodynamic and hydrodynamic parameters, but the sen-
sitivities of these parameters to operating conditions are very
different. In fact, the number of parameters monitored in prac-
tical operations are very limited. Thus, to build a reliable and
effective LRE condition monitoring system, careful selection
and evaluation of these monitored parameters are necessary.
Three criteria for the selection and evaluation of monitored
parameters were proposed in our studies: The response of pa-
rameters to external and internal disturbances, the signal-to-
noise ratio (SNR) in engine environment, and transient features
under faulty conditions.

In Table 1 the average value (X) and noise amplitude (AS)
of the measured parameters of the YF-20B engine are com-
puted statistically for 30-s intervals during a normal main-stage
test. Evidently, the pressures at the inlets of the oxidizer and
fuel pumps are not suitable as monitoring parameters, whereas
the temperature at the turbine inlet is quite acceptable for mon-
itoring.

In addition, the response of parameters to external and in-
ternal disturbing factors and the sensitivity of the parameters
to fault conditions were analyzed through mathematical sim-
ulations.”

B. Diagnosis Methodology Based on Component Module
for Main-Stage Operation

A liquid-propellant rocket engine is composed of various
components linked to one another: Pipes, pumps, combustion
chamber, etc. The output of a component is determined by the
input into it. In the main-stage operation of a liquid-propellant
rocket engine, the relation between the input and the output
can be described by the static character equation

You, = C;(Yin ) (1

where Y;, ; and Y, ; are the input and output parameter vectors
(OPVs) of component j, respectively. When faults occur in a
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Table 1 SNR of measured parameters of YF-20B engine test

Parameters X AS AS/IX

Engine oxidizer mass flow rate 189.0 1.92 0.01016
Engine fuel mass flow rate 89.8 0.53  0.00590
Pressure before oxidizer injector 8.93 0.32  0.03583
Pressure at inlet of oxidizer pump 0.514 0.11 0.21401
Pressure at outlet of oxidizer pump 10.56 0.21 0.01989
Pressure at inlet of fuel pump 0.32 0.09  0.28125
Pressure at outlet of fuel pump 11.92 0.38 0.03188
Turbopump shaft speed 9840 35 0.00356
Temperature at turbine inlet 912 2 0.00219
Pressure at turbine inlet 5.69 0.08  0.01406
Pressure at turbine outlet 0.292 0.005 0.01712
Pressure before oxidizer startup valve 0.527 0.017 0.03226
Pressure before fuel startup valve 0.368 0.021  0.05707
Engine thrust 728 3 0.00412

component, the input parameter vector (IPV) and the OPV will
no longer have the relationship described by Eq. (1). To de-
scribe the deviation of the OPV from the expected value com-
puted by the component character equation, the fault factor
(FF) is introduced in the component character equation, and
the following formula is introduced:

You, = A4,C;(Yin,) 2

where A; = diag(a,, a., .. ., a,;) is the FF matrix of component
j,a,i=1,2,...,njis the fault factor of the ith character
equation describing the deviation degree of the ith output pa-
rameter from its expected value, which is equal to 1 if the ith
character equation is satisfied, and nj is the number of the
output parameters of the component j.

According to Eq. (2), the OPV can be calculated from the
IPV, and all output parameters can be calculated one by one
in the order of component linkage. The calculation can be
propagated through all components in turn. Therefore

Y=HY,,A) (3)

where H is the function formed in the parameter propagation.
It is obvious that the values of a parameter obtained from
different parameter propagation paths are equal, i.e.,

Hl(Yim A) = H2(Yim A) (4)

and the calculated value is equal to the measured value Y, (if
the measurement noise and model error are zero):

Yy = H3(Yim A) (5)

where H,, H,, and H; is the function formed in different pa-
rameter propagation paths, and A and Y, can be estimated
using Eqgs. (4), (5), and nonlinear programming, and faults can
be diagnosed from the value of A.

Although there are usually few measurement parameters, re-
sulting in difficulties of parameter estimation, experience in
fault analysis indicates that the engine faults are always caused
by one or two faulty components. Some fault causes can there-
fore initially be assumed, and then the diagnosis method based
on component modules may be adopted using the inference
procedure of fault hypothesis, parameter estimation, and hy-
pothesis verification.”

Twenty-five categories of simulated engine faults were di-
agnosed using five measurement parameters for the YF-20B,
and the correct diagnosis was obtained. As an example, the
diagnosis results for the oxidizer pump efficiency decreasing
by 30% are listed next: Hypothesis 1, the oxidizer pump (OP)
being faulty: ¢3, 1.000 = 5.044e-007; c4, 1.429 = 7.720e-
007; c22, 1.000 = 5.385e-007; and optimal index, 3.4461e-
007. Hypothesis 2, the fuel pump (FP) being faulty: c5, 1.000

+ 2.236e-006; c6, 1.419 £ 1.701e-006; c¢23, 1.000 = 2.877e-
006; and optimal index, 7.1961e-007. Hypothesis 3, the turbo
(TB) being faulty: c1, 0.938 = 7.885;c0, 0.938 + 7.885; c25,
0.938 = 7.885; and optimal index, 9.7306e-007. Hypothesis
4, the OP and the TB being faulty: c1, 0.9426 = 2.203e +
228; ¢c0, 0.9426 = 2.203e + 228;¢25,0.942 * 2.203e + 228;
c3, 1.000 *= 4.557e + 221; c4, 1.028 = 2.882e + 226; c22,
1.000 * 4.342e + 221; and optimal index 4.7263e-007. (c3,
FF of OP pressure equation; c4, FF of OP power equation;
c22, FF of OP flow equation; c5, FF of FP pressure equation;
c6, FF of FP power equation; c23, FF of FP flow equation; c0,
FF of TB power equation; c1, FF of TB RT equation; and c25,
FF of TB flow equation.)

In the diagnosis for oxidizer pump faults, only the fault fac-
tor of the power equation deviates from its normal value, and
the efficiency deviation computed from the FF equals 30.0%,
the preset value. Because oxidizer pump faults, fuel pump
faults, and turbine faults in the YF-20B cannot be isolated by
the five measurement parameters used here, these faults are all
reasonable diagnosis results, and in the results of hypotheses
3 and 4, the confidence intervals of parameter estimation are
very large. According to the value of the optimal index, the
decreasing efficiency of the oxidizer pump is the most prob-
able fault cause.

C. Engine Fault Detection and Isolation Using a Fuzzy
Hypersphere Neural Network

1. Fuzzy Hypersphere Neural Network

The three-layer structure that implements the fuzzy hyper-
sphere neural network is shown in Fig. 3. The input layer A”
= (a,, a», ..., a,) has n processing elements. There are two
connections between each input node and each of the m hy-
persphere nodes. One connection represents the center for that
dimension, and the other connection is the radius of the hy-
persphere. The membership function of each hypersphere node
is defined as

b; =1 — max{0, min[1, y(|[A, — Ol — r)]} (6)

where O] = (05, 02, ..., 0;,) is the center vector of the jth
hypersphere; r; is the radius; vy is the sensitivity parameter of
all hyperspheres; and ||.|| denotes the module of a vector.
The connections between the hypersphere nodes and the
fault class codes are binary valued. The equation for assigning
the values to these connections is
- 1 if b; is a hypersphere for class ¢ 0
#7110 otherwise

where b; is the jth hypersphere node, c, is the kth fault class
node, and u; is the connect weight between b, and c,. Each
fault class node represents the normal operating point or a fault

Normal Fault 1 FauItA p-1

Hyper-sphere Nodes

Fig. 3 Structure of fuzzy hypersphere neural network.
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class. The output of the fault class node represents the degree
to which the input pattern A fits within the class k. The transfer
function for each of the fault class nodes joins the appropriate
hyperspheres. This operation is defined by

n
¢ = max bjuy (8)
=1

2. Fuzzy Hypersphere Learning Algorithm

Variable hypersphere expansion: Given an ordered pair {A,,
d,}, where A, = (au, G, ..., a,) € I" is the input pattern,
and d, € {1, 2, ..., p} is the index of one of the p classes,
find the hypersphere of the same fault class, and allow expan-
sion (if needed). The maximum size of a hypersphere is
bounded by 0, a user-defined value. For the hypersphere j to
expand to include A,, the following constraints must be met:

A, — O <0 9)

If the expansion criterion has been met for hypersphere j, then
judge whether A,, is out of the hypersphere j, namely

A, — Ol > (10)

When the two limitations have been satisfied, the hypersphere
center and radius are adjusted using the following equations

= 34, = 07+ 1) an

J

new __ _old
J j

01_1ew= 0(_71d + J
ST o

A, — 07 (12)

Hypersphere overlap test and contraction: To determine if
this expansion created any overlap, a comparison between the
two hyperspheres is performed. Assume that the hypersphere
j was expanded in the previous step and the hypersphere k
represents another class. If there is overlap between the two
hyperspheres representing different classes, it is necessary to
eliminate the overlap. Three cases are examined to determine
the proper adjustment.

Case 1, when

[r; = rd <10; = Ol <1y + 1,
then
= 05 = 4 05 - 079)) (13)
A= 302 = 4 07 - 03 (14)
old __ old
J K
0" = 05" + (™ — ™) 107 = 0| (13)
Oold _ 0‘_’“
o = Ozld + (erd - ” ,:ﬂd — OjoldH (16)
k J
Case 2, when
10, ~ 0l <ri =7,
then
A= 00— 4 02— 03 an
1d Id id i
o = g 4 L2 T N0 — O (ya _ g
i k 2H0/old _ Ozld” J k
(18)

Case 3, when
10, = Ol < ri — 1y

then
e = 5 -

i+ 107 = 0 (19)

R [ e
210~ 0

zew - 0](_71d + (Ozld _ 0‘/(_71d)

(20)

3. Engine Fault Detection Demonstration with Ground Test Data

Sensor data used for fault detection are derived with firing
tests on a large liquid rocket engine, with a sampling interval
time of 0.02 5.7

The structure parameters of the fuzzy hypersphere neural
network are selected as 14 input nodes determined by the en-
gine survey parameters, hypersphere body nodes formed to
meet the demands of the real problem, and one output node
representing the normal operating point. With the hypersphere
expansion bias 6 = 1 and the sensitivity parameter y = 2.0, the
demonstration results of the engine test data are shown in Ta-
ble 2.

For the normal tests, the outputs of neural network are nor-
mal. Engine test F15-1 was shut down at 275.79 s, and the
neural network began to display the fault existence at 275.50
s. Therefore, the fault detection time was 0.29 s in advance of
the emergency shutdown in the engine operation (Fig. 4), in
which ¢ is the membership degree and 7, is the detection
threshold selected by the statistical analysis of the membership
degree.

4. Engine Fault Isolation

The random simulation fault classes of the rocket engine
include the abnormal opening of the main oxidizer valve, the
abnormal opening of the main fuel valve, and both abnormal
openings at the same time. There are four classes, one for the
normal operating point and the other three for the fault con-
ditions. The number of the input nodes of the fuzzy neural
network is 7, the number of the hypersphere is determined by
the real problem, the number of the output nodes is 4, which

Table 2 Test data detection results

Detection results
of the fuzzy hypersphere

Test Real operating condition neural network

F15-1 Emergency after 275.80 s

Indicating fault existence
in 275.50-275.80 s

N18-3 Normal Normal
N18-4 Normal Normal
N18-5, Normal Normal
N18-55 Normal Normal

808f

f

< I

E-

s I

5 |

E04F

L

- Y |
E ........................... C
:mummu-mmwmm sl e el

245 250 255 260 265 270 275 280
Time, s

Fig. 4 Detection results of test F15-1.
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Table 3 Random simulation data isolation results

Isolation results of the fuzzy
hypersphere neural network

Data Opening
name Real condition degrees Class Sensitivity
ouT Normal Normal 1.251
OUTDAI11 Abnormal opening of 51.5 Abnormal opening of 1.168
main oxidizer valve main oxidizer valve
OuU- Abnormal opening of 47.0 Abnormal opening of 1.243
TDA14 main oxidizer valve main oxidizer valve
OUTFA7 Abnormal opening of 41.5 Abnormal opening of 1.429
main fuel valve main fuel valve
OUTEAS Both abnormal openings 53.5 Both abnormal openings 1.189
OUTEA10 Both abnormal openings 43.0 Both abnormal openings 1.187

are determined by one normal and three fault classes. With the
sensitivity parameter y = 4.0 and the expansion bias 6 = 0.06,
there are 27 hyperspheres to be formed in the learning process.
After the fuzzy neural network has been trained, random sim-
ulation data whose fault degrees are different from those of
the training patterns are presented to the fuzzy neural network,
and the fault isolation results are obtained as shown in Table
3, in which sensitivity is denoted as the ratio of the first output
value to the second output value of the neural network. Under
normal conditions the isolation result is normal. For the ab-
normal opening of the main oxidizer and fuel valves, simul-
taneously, the isolation results of the fuzzy hypersphere neural
network are also correct. It is evident that the fuzzy hyper-
sphere neural network can be successfully employed in fault
and normal condition isolation for the liquid rocket engine.

D. Real-Time Verification System for Health Monitoring
of LRE

A real-time verification system of FDD methods is funda-
mental to the development of any monitoring system’s hard-
ware and software. With such a verification system, the per-
formance of monitoring algorithms or systems, such as
reliability, real-time ability, and robustness can be evaluated in
real time.

High-order dynamic nonlinear models of the engine under
normal and anomalous conditions are not suitable for real-time
simulation because of the very small integration steps caused
by the equation stiffness.

For the YF-20B engine shown in Fig. 1, propellant inertia
in the feed-system pipeline is very small and can be omitted.
Hence, the stiffness of the equations is eliminated and in this
way a lower-order real-time simulation model of the YF-20B
engine was developed. Differential equations are still utilized
to represent operational process in components such as the
combustion chamber, gas generator, and turbopump, whereas
static algebraic equations are used for pipe lines. The lower-
order model can be described by

(1) = fz(0), y(0), F(t), u(1)]
glz(®), y(@), F@), u(1)] = 0
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where

T
2(t) = [pe, Pi» 1]
1 T
Y@ = [Popor Popps Pocs Pis Moy Moy, Moy, Mop, My, Mgy My, Mg

u(t) = [pipm pil.’f]T

Considering cost and performance, a Pentium-586-based
real-time verification system was constructed. In the system
architecture, two Pentium-586 personal computers are linked
with I/O interface boards. One computer is used for running
the real-time simulation models, and the other is for executing
real-time monitoring algorithms.

The real-time verification system can be divided into two
subsystems: A simulation system and a monitoring system. The
main function of the simulation system is to simulate the tran-
sient performance of the YF-20B engine under fault condi-
tions, redisplay the fire-test data, and display important images
and/or graphics. The function of the monitoring system is to
execute on-line operations of real-time fault diagnosis algo-
rithms and output alarm signals and diagnosis results.

The real-time verification system was successfully used to
demonstrate a variety of failure detection and diagnosis algo-
rithms developed for the YF-20B engine. The running speed
of the real-time simulation was well verified. The efficiency
and robustness of various detection and diagnosis algorithms
deveioped for the YF-20B engine was proved on the test sys-
tem.

V. Conclusions

Over the last two decades the health-monitoring techniques
of LREs have progressed in system framework research, fail-
ure mode analysis, FDD algorithm development, failure con-
trol studies, and sensor technology. Important advances have
been obtained in theoretical research and practical applications.
However, to ensure efficient application of failure detection
and diagnosis algorithms, much more research work has to be
done. The research work conducted on failure detection and
diagnosis for the YF-20B engine has proven to be a very help-
ful tool for the enhancement of the reliability of the Long
March-series launch vehicles.
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