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Leak Fault Detection of Liquid Rocket Engine
Based on Strong Tracking Filter

Yu Daren* and Wang Jianbo®
Harbin Institute of Technology, 150001 Heilongjiang, People’s Republic of China

The propellant leak is one of the most common and especially dangerous faults in liquid rocket engine (LRE).
By analyzing the performance of the engine, we know that the leak of hydraulic lines can be expressed as the
variation of the fluid resistance coefficients. If leaks occur in the hydraulic line, the corresponding fluid resistance
coefficients will be changed. An approach is presented to detect and diagnose the leak of hydraulic line based on
a strong tracking filter. The method uses a strong tracking filter to estimate the fluid resistance coefficients and
to compare the estimated fluid resistance coefficients with their normal values. Then the modified bias method is
used to detect the leak fault. We simulate the leaks occurring in the main system or in the subsidiary system of

LRE. The results show that the approach is feasible.

Nomenclature

A, = area of gas generator, m?

Ay, By, C; = coefficients for second-order polynomial fit
for fuel pump pressure head curve

A,, B,,C, = coefficients for second-order polynomial fit
for oxidizer pump pressure head curve

A, area of combustion chamber, m?

J = moment of inertia of turbopump system

k = time point of discrete equations

mg = engine fuel mass flow rate, kg/s

m gy = fuel mass flow rate at gas generator, kg/s

my. = fuel mass flow rate at combustion chamber, kg/s

m; = liquid flow rate, kg/s

m, = engine oxidizer mass flow rate, kg/s

Mp = oxidizer mass flow rate at gas generator, kg/s

M, = oxidizer mass flow rate at combustion
chamber, kg/s

n = turbopump shaft speed, rad/min

Db = gas generator pressure, MPa

De = combustion chamber pressure, MPa

p’/. = pressureat position B, MPa

Pif = fuel pressure before injecting, MPa

Doi = oxidizer pressure before injecting, MPa

P = pressureat position A, MPa

)2 = pressure of input, MPa

)23 = pressure of output, MPa

R = gas constant

Tp = propellantmass mixture ratio at gas generator

re = propellantmass mixture ratio at combustion
chamber

T, = temperature of gas generator, K

T. = temperature of combustion chamber, K

T, = temperature of turbopump, K

u(-) = input vector

Vi = volume of gas generator, m*

V., = volume of combustion chamber, m*

x(+) state vector
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y() = measurement vector
o = exponentof hot-gas expansion
B = turbine hot-gas inlet pressure to outlet pressure
r = property groups, o/{a[2/(a + 1)]@* D/ =D}
Nos Nfs N = efficiency
A = coefficients
& = fluid resistance coefficients
05 Po = propellantdensity, kg/m®
Subscripts
b = gas generator
c = combustion chamber
f = fuel
o = oxidizer
Introduction

N the aerospace industry, propellant leaks pose significant op-

eration problems. In 1990, the STS fleet experienced excessive
hydrogen leaks in the main propulsion system before launches of
STS-35 and STS-38 and during the flight of STS-41. The prelaunch
leaks experienced by STS-35 and STS-38 resulted in a temporary
grounding of the fleet until the leak source could be identified.!

The problem of detecting or diagnosing faults and digressions
in complex rocket engines has attracted considerable attention re-
cently. Currentresearchin the developmentof detectionand diagno-
sis systems for the propulsion systems focuses on such approaches
as expert systems,? neural networks,” and signal processing.*

Currently, many techniques are used for detecting leaks in prac-
tice, for example, the hydrogenleak system techniquesfor detection
of leaks in a rocket engine component? All of the mentioned tech-
niques for detection and diagnosis of leaks are based on sensors and
make the sensor systems of rocket engine too complicated to keep
the systems integrated.

An approach based on a strong tracking filter for leak fault detec-
tion and diagnosis, which belongs in the field of model-based fault
detection and diagnosis is discussed. The strong tracking filter is a
modification of the extended Kalman filter. It is based on the fol-
lowing performanceindices. The mean square of estimated residues
is minimum, and the residues satisfy the orthogonality condition.
Thus, if the model parameters mismatch, the gain matrix of the fil-
ter can be adjusted to tracking the actual states at real time. This
approach is suitable for joint state and parameter estimation

Analyzing the performance of a liquid rocket engine (LRE), we
can deduce that the leaks of the hydraulic line can be attributed to
the variations of the fluid resistance coefficients. Therefore, we use
a strong tracking filter to estimate the variation of fluid resistance
coefficients and to compare the estimated fluid resistance coeffi-
cients with their normal values. The residues could be obtained.



DAREN AND JIANBO 281

Accordingto the residues, the leaks can be detected by the modified
bias method ®

LRE Mathematical Models

A propellant flow schematic of the LRE with a turbopump system
is shown in Fig. 1. In Fig. 1, control gas lines and pressured system
lines are not shown. The portion from the position of pipeline offset
(A and B) to the combustion chamber is the main system, and the
portion from the position of pipeline offset (A and B) to the gas
generator is the subsidiary system.

The full-order dynamic model of the engine has been set up,
but it is not suitable for filter design because it is too complex.
When the main operating principles during the steady main stage
and transient performance at the rated operating point nearby are
considered and at the same time the models are compromised in
accuracy and complexity, the nonlinear dynamic models that are
used for filter design are built and given as follows.

Combustion chamber dynamic equations:
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Equations of turbopump (ignoring the variety of propellant
density and temperature):
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Equations of hydraulic lines:
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where all of the symbols and the terminology are defined in the
Nomenclature.
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2 Fig. 1 Structure of rocket
5 engine showing oxidizer
3 pump, 1; fuel pump, 2; and
4 combustion chamber, 5.

For Egs. (1-6), we select some possible online detected parame-
tersas the outputsofthe engineand regard the pressuresof propellant
tank p,r and p,r as the inputs of the engine. Thereby the charac-
teristics of the LRE can be established with a set of differential
equations as follows:

x(t) = flx(), u(), 1], y() = glx(1)] M

If propellant leaks occurred in some segment of the hydraulic
lines, the corresponding fluid resistance coefficients & will change.
However, itis impossibleto obtain the fluid resistance coefficients §;
by measurement. We can estimate the variationof the fluid resistance
coefficients &; by using methods based on joint state and parameter
estimation. Thus, Eq. (7) can be modified as follows:

x(t) = flr,x(@0), u@), &®)], y(@) = glx(®),&@®]  (@8)

Strong Tracking Filter
Making Eq. (8) discrete, considering the influence of noise, and
regarding the fluid resistance coefficients as extended states, we can
obtain

x(k) = flk—1Lutk—-1),&5k—-1),x(k— D]+ vk —-1)

&) =&k - 1), y(k) = hik, &K), x(k)] +e(k) (9)
where x(+) is an n-dimensional state vector, y(-) is an r-dimensional
measurementvector, v(-) is an n-dimensional processnoise,and e(-)
is an r-dimensional measurement noise. Suppose the characteristics
of noise are

E[v(k)] =0, El(e(k)] =0
E[w()v" (k)] = 8401 (K), N 2{1, j=k
El(e(j)e” (k)] = 8;, Q5 (k), 7o, j#k

Let
x (k)
k =
*e ) [a- <k)}

£k 1), x. (0] = {f[k, u(k), & k), x<k)]}

& (k)
X h,lk,x, (k)] = hlk, & (k), x(k)]
then Eq. (9) can be expressed as follows:
x.(k) = filk — 1, u(k — 1), x,(k — )] + vk — 1)
yk) = h.lk,x, (k)] + e(k) (10)

We consider a linear Taylor approximation of the system func-
tion f,(-) at the previous state estimate X,(k/k) and that of the
observation function %, (-) at the corresponding predicted position
X,(k+1/k). Now we can design an extended Kalman filter accord-
ing to the obtained linear model. When the model parameters do
not entirely match the actual ones and the initial guess is suitable,
the extended Kalman filter can converge to a reasonable estimate.
However, if the normal process model is quite uncertain, the esti-
mate accuracy of extended Kalman filter will decrease greatly and
even will lead to instability.

To enhance the strong tracking ability of the filter, we can use
a variable fading factor to adjust the prediction of the covariance
matrix of states and the corresponding Kalman gain matrix. It is
described by the following:

P(k+ 1/k) = A(k + 1) Flk, u(k), %.(k/ k)]
P(k/k)F" [k, u(k),%.(k/k)] + O, (k)

where A(k 4 1) > 1 is a time-variant fading factor, which is used to
eliminate the influence of previous data. The fading factor A(k + 1)
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can be determined by the orthogonality conditions of the output
residues. Detailed discussion of A(k 4+ 1) may be found in Ref. 6.

Becauseof the influence of model uncertainty,the estimated states
of the filter will depart from the system states, and this behavior will
be obviously exposed by the output residual errors. As long as we
adjust the gain matrix K (k + 1) at real time to keep the residues’
orthogonality, the filter will be forced to keep tracking the system
states. Because the strong tracking filter has strong robustness to
model uncertainty, we can use it for the joint nonlinear time-variant
state and parameter estimate.

Therefore, the time-variant Kalman gain matrix K(k+1) can
also be determined.$

Leak Fault Detection of LRE

A. Strategy of Leak Detection

When the leak occurs, it will grow more and more serious. There-
fore, it is necessary to detect the leak in time. Suppose the leak is a
slow drift-type fault. It is described as follows:

§i(k+1) =& (k) + D (k)

where Dy (k) is the drift of & (k) at the time point k.

While the engine is running at the normal state, §; (k) will satisfy
the Gaussian distribution &; (k) ~ N (&, 03,), where & is the nor-
mal value of fluid resistance coefficient. AS the leak occurs, it can
be detected by the modified bias method. The modified bias method
can be expressed as follows:
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where N, is the length of the data window.

When the engine is running at the normal state, d;, is close to
zero. As soon as the leak occurs, dg, will increase rapidly. When a
threshold B, is defined, the strategy of leak fault detectionis, thus,
obtained,

déi (k) = ﬂéi’ dSi (k) > ﬂSi

is the normal fault.

B. Numerical Simulation

Suppose the extent of the leak increaseis according to the fraction
exponent while the leak occurs,

0<t <t

L,
%-[ N {& max — (S[max - 1) : CXP[—kf(f - tS)]a > ts

where ¢, is the time the leak occurs and kf =0.2—0.5 is the fraction
exponent.

We have to select the online measuring parameters as the out-
puts while applying the approach to the engine. However, to do the
research, we select the parameters as follows:

Xe = {pca Tey Pos Vps 1, My, Mpe, My, m/'a
mfca mfba éoma soga é/'ma éj'g}

y={peppnom, my, pho ol poi, i}

In the simulation, all of these parameters are expressed in unitary
form.

It is unavoidable for the system to have a process noise of high
frequency because the LRE is a strong coupling and nonlinear sys-
tem, and it often runs when the situation is serious. The inertia
of the LRE mainly focuses on the turbopump component, and the
rotor equation of the turbopump describes the property of mean
speed. Therefore, the process noise can be neglected. The influence
of the process noise on the other components, however, has to be
considered.
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Fig. 2 Leak occurring between the oxidizer offset (position A) and
combustion chamber.
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Fig. 3 Leak occurring between the oxidizer offset (positionA) and gas
generator.
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Fig. 4 Leak occurring between the fuel offset (position B) and com-
bustion chamber.
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Fig. 5 Leak occurring between the fuel offset (position B) and gas
generator.

In the simulation, the initial values of the strong tracking filter
are given as follows:

Q1 = d1ag(0001, ey 0001)15 x 15
0, = diag(0.001, ..., 0.001)e o
P = diag(0.01,...,0.01)5, 15

Figure 2 shows the results of the leak occurring between the oxi-
dizer offset (position A) and the combustion chamber. From Fig. 2,
we know the corresponding estimated fluid resistance &, is vari-
able, but the others are not changed at time point k = 200. This phe-
nomenon shows that the leak occurs on this hydraulicline. We also
can see dg,, increasesrapidly. If we select the threshold B¢, = 10,
the leak can be detected at time k =203.

Some other simulations for the other possible leak situations
are carried out, and the results are given in Figs. 3-5. It can be
seen from Figs. 3-5 that whenever leaks occurred in the hydraulic
line, the corresponding fluid resistance coefficients change sig-
nificantly from their normal values and the estimated fluid resis-
tance d;,, change rapidly, too. These phenomena show that the
hydraulic leak occurs in the corresponding hydraulic line. By the
suitable selected threshold, we can detect when and where the leak
occurred.

Conclusions

Because the reliability of the LRE is becoming more and more
important, and the leak is one of the most common faults of the
engine, it is necessary to investigate further the leak fault of LRE.

Because a strong tracking filter has the merit of strong robustness
to actual parameter perturbation and strong tracking of the jumping
states, as well as tracking the drifting states even with the filter being
stable, it is especially suitable for joint state and parameter estima-
tion. A strong tracking filter is used to estimate the fluid resistance
coefficientsin this paper. Accordingto the estimated fluid resistance
coefficients, the leak can be detected. The simulating result shows
that it is feasible.
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