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Failure Detection of Dynamical Systems with the
State Chi-Square Test
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Technion—Israel Institute of Technology, Haifa 32000, Israel

Two novel approaches are developed to improve the failure sensitivity of the failure detection systems in which
the chi-square test is used to monitor the state estimates of the Kalman filter. The first involves the use of two
state propagators. These two state propagators are alternatively reset with the data of the Kalman filter to
increase their accuracy and thereby the failure sensitivity of the detection system. By choosing a suitable time
interval between resetting a state propagator and using it for the failure detection, the risk of using a contami-
nated state propagator as a failure detection reference is avoided. The second approach involves monitoring the
state estimates of the Kalman filter individually. With this approach the test statistics related to the state esti-
mates most seriously affected by the failures are utilized to enhance failure sensitivity of the detection system.
The effectiveness of the proposed approaches is demonstrated in the failure detection problem of a global posi-
tioning system/strapdown inertial navigation system integrated navigation system. The simulation results show
that the failure sensitivity of the detection system is remarkably increased.

I. Introduction

TO maintain a high level of performance in a dynamical sys-
tem, it is necessary that failures be detected and isolated

promptly so that appropriate remedies can be applied. Although
catastrophic or hard over failures can be uncovered rapidly by on-
line built in testing, more subtle or soft failures can only be
detected by the use of more sophisticated techniques based on
error estimation/decision theory. Over the past decades, numerous
approaches to the detection and isolation of soft failures in dynam-
ical systems have been developed,1"11 but most of them are suit-
able only for low-order or time-invariant dynamical systems.2

As a statistical hypothesis testing method for examining
whether or not a random Gaussian vector has the assumed mean
and covariance, the chi-square test is widely applied for detecting
soft failures in dynamical systems.1"4 Assume £(&) is a p-dimen-
sional random Gaussian white vector which has zero mean and
covariance V(k) under normal working status. From the fact that

i.e., ^(k) is a chi-square random variable with Np degree of free-
dom (N is the window length), the following rule can be consid-
ered for the failure detection4:

if

if

then there is a failure

< 8 then there is no failure
(2)

where e^ is the chosen decision threshold. With the aid of a chi-
square distribution table,12 the probability of false alarm can be
calculated as a function of the window length N and the decision
thresholds e^. The important thing in the design of a failure detec-
tion system with the application of the chi-square test is to find a
suitable Gaussian vector £, which is sensitive to system failures
and whose mean and covariance are known or can be easily calcu-
lated.

Received Jan. 19, 1993; revision received June 15, 1993; accepted for
publication June 27, 1993; presented as Paper 93-3821 at the AIAA Guid-
ance, Navigation, and Control Conference, Monterey, CA, Aug. 9-11,
1993. Copyright © 1993 by the American Institute of Aeronautics and
Astronautics, Inc. All rights reserved.

*Postdoctoral Fellow, Faculty of Aerospace Engineering; currently
Senior Researcher, American GNC Corporation, Chatsworth, CA.

The chi-square test has been applied to monitor the residual of
the Kalman filter by many investigators,1'4 and also suggested to
check the consistency of the outputs of several navigation sensors
and/or the Kalman filters.2 An interesting application of the chi-
square test for failure detection was proposed in Ref. 3, where a
state propagator was used to provide a reference system for the
failure detection (an idea originally proposed in Ref. 5), and the
chi-square test was used to test the consistency of the state esti-
mate of the Kalman filter and that of the state propagator. The
approach is named the state chi-square test (SCST) in the paper
because the chi-square test is used to monitor the state estimate of
the Kalman filter instead of the residual. An example of the useful-
ness of the SCST was initially shown when it was used to detect
the accelerometer failures in an inertial navigation system/Doppler
integrated navigation system.3

In this paper, special attention is focused on increasing the failure
sensitivity of the detection systems where the SCST discussed in
Ref. 3 is used. First the working principle of the SCQST is briefly
described. Then two problems which greatly affect the failure sen-
sitivity of the current SCST are analyzed. After that two approaches
are developed to improve the failure sensitivity of the SCST. Fi-
nally the usefulness of the approaches is demonstrated when they
are applied to the soft failure detection of a global positioning sys-
tem (GPS)/strapdown inertial navigaton system (SDINS) inte-
grated navigation system.

II. State Chi-Square Test
Consider the following error model for a discrete-time dynami-

cal system1:
x(k + 1) = 4>(k)x(k)

=0,

T(k)w(k)

E[v(k)v(j)]=R(k)Skj

(3)

(4)

(5)

(6)

where x(k) is an ^-dimensional state, with Gaussian initial condi-
tion *(0), which has mean JCQ and covariance P0. Here 8,y is a Kro-
necker function (it is 1 when i =j and 0 otherwise), and Jt(0), w(k),
and v(k) are assumed to be statistically independent. Q(k) is posi-
tive- semidefinite and R(k) is positive-definite. The vectors b and c
represent the unknown failures; 6 and $ represent the unknown
time of failures.
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272 DA: FAILURE DETECTION WITH CHI-SQUARE TEST

If no failure occurs (9 = (|> = °°), the following standard Kalman
filter algorithm gives the optimal estimate x^k I k) of the system
state x(k) (the subscript K denotes the Kalman filter):

where n is the dimension of p(£). Therefore the following rule can
be considered for the failure detection

xK(k +11*) = ®(k)xK(k I k)

Pg(k +11*) = ®(k)PK(k I *)Or(*) + Y(k)Q(k)TT(k)

xK(k+l I *+!) = jc^+1 I *) + AT(*+l)y(*+l)

lyx^k+l I *)

r(* + 1) + /?(* + 1)

y(*+ 1) =y(k+ 1) - //

U(k + 1) = //(* + !)/>*(* +

K(k+ \) = PK(k

I *+ 1) = [/ - K(k+

X [/ - K(k+ !)//(*+ l)]r

with the initial conditions:

I *)

!)/?(*+

(7)

(8)

(9)

(10)

(11)

(12)

1) (13)

Because the residual j(k) is a Gaussian random white vector with
zero mean and covariance U(K) for the optimal Kalman filters,13

failure detection can then be performed by monitoring the residual
y(k) with the chi-square test.1'4 The implementation of the chi-
square test with the residual j(k) is quite simple, but with rather
severe limitations on the performance.1

Instead of monitoring the residual, the SCST detects system fail-
ures by monitoring the state estimate of the Kalman filter with the
chi-square test.3 To monitor the state estimate of the Kalman filter,
a state propagator is used as a reference system, whose state esti-
mate xs(k) and covariance matrix Ps(k) (the subscript S denotes
the state propagator) are propagated based only on the a priori sys-
tem model information:

Ps(k + 1) = 3>(k)Ps(k)<S>\k) + r(k)Q(k)TT(k) (16)

with the initial conditions:

xs(0) = x0, PS(0) = P0 (17)

Define the estimation error of the Kalman filter and that of the state
propagator as:

>- xK(k\k) (18)

- xs(k) (19)

then the difference between the estimate of the Kalman filter and
that of the state propagator

P(*) 4 xK(k) - xs(k I k) = es(k) - *) (20)

is a Gaussian random vector with zero mean and covariance B(k).
Under the condition of

(21)

(22)

(23)

(24)

B(k) can be calculated by the following equation:3

B(k) | EfpWp7^)] = Ps(k) - PK(k I k)

and so

if

if

then there is a failure

< £p then there is no failure
(25)

where ep is the chosen threshold.
Direct computation of B~l(k) in Eq. (24) can be avoided by

computing the Cholesky decomposition B(k) = L(k)LT(k) and solv-
ing a triangular system of equations.3

III. Two Problems in the State Chi-Square Test
In the current SCST, there are two problems which may greatly

influence its detection sensitivity to system failures if not carefully
considered.

A. Problem 1
For an optimal Kalman filter, the state estimate accuracy usually

increases with filtering time, and the influences of the initial errors
and the process noises on the filter performance are greatly sup-
pressed because of the measurement update. But the influences of
the initial errors and process noises on the accuracy of the state
propagator are much greater than the Kalman filter, because the
state propagator propagates the state estimates based only on the a
priori system model information. Then, while the accuracy of the
Kalman filter increases and its covariance PK(k I k) reaches small/
bounded value with the increasing *, the accuracy of the state
propagator decreases and its covariance P$(k) keeps on increasing,
and is eventually much larger than P%(k I *).

In the design of a failure detection system, one of the most
important things is its sensitivity to failures. If a small failure
makes a large increase in the test statistic £, it means that the fail-
ure detection system is sensitive to the failure. From Eqs. (23) and
(24), it is clear that the failure sensitivity of the SCST degrades
when the accuracy of the state propagator decreases, because B(k)
increases with the covariance Ps of the state propagator. The fol-
lowing example helps us further look into this problem.

Example 1: Assume a single-input, single-output system:

x(k + 1) = ax(k) + w(k) + bbk

£[*(*)] = 0,

(26)

(27)

(28)

(29)

with Gaussian initial condition XO), which has mean JCG and cova-
riance PQ\ x(Q), w(*), and v(*) are assumed to be statistically inde-
pendent; q > 0 and r > 0; b and c are the unknown failures; and 0
and <|) are the unknown time of failures.

Let eKO(k I *) and eK(k I *) denote, respectively, the state estima-
tion error of the Kalman filter when there is no failure and that of
the Kalman filter when a failure occurs. Then their difference

(30)

reflects the effect of the failure on the state estimation error of the
Kalman filter. Using £p,o(*) and £p(*) to represent the test statistics
with and without the failure, and A£p(£) to represent the change of
test statistic that results from the failure, we have, from Eq. (24):

(3D

(32)

Ps(k)-pK(k\k)

[eKi0(k\k)-es(k)r
Ps(k)-pK(k\k)
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and

Ps(k)-pK(k\k)
(33)

° -es(k) ps(k)-pK(k\k)

Equation (33) shows that A£p(&) depends on the ratio of AeK(k I k)
to the difference between eKO(k I k) and es(k), and the ratio of
[AeK(k I A;)]2 to the difference between ps(k) and pK(k I A;). There-
fore the degradation of the accuracy of the state propagator, which
results in the increase of the difference between eKO(k I k) and es(k)
and the difference between ps(k) andpK(k I k), greatly damages the
sensitivity of the SCST to the failure. In other words, the failure
may not be detected if the state propagator is very inaccurate.

Assume the initial errors and system parameters in example 1
are

= h=l, (34)

(35)

(36)

The covariances pK(k I k) of the Kalman filter and ps(k) of the state
propagator are presented in Fig. 1. It shows that while Px(k\ k)
approximates a small stable value (about 0.0062) in a few filtering
steps, ps(k) keeps on increasing. The state propagator is very inac-
curate compared to the Kalman filter. Assume a system failure (b =
4, c = 0) occurs at 0 = 50. Figure 2 shows that the SCST fails
because the test statistic d(&) °f SCST is not big enough to pass
the chosen threshold e = 7.879 (corresponding to a false alarm
probability of 0.005).

B. Problem 2
The effects of failures on each state estimate may be quite dif-

ferent. Some states will be affected by a failure more directly than
other states. The test statistic ^ calculated by Eq. (24) reflects
only the overall effects of a failure on the system state estimates,
but not the effects on those states which are most seriously
affected by the failure. The decision threshold £p with a chosen
false alarm probability increases with the dimension of $(k). For
example, e = 7.879 when dim(p) = 1 and e = 41.4010 when dim(p)
= 21 (with false alarm probability 0.005). Therefore, for large
dynamical systems with many state variables, the detection rule of
Eq. (25), which detects failures by comparing the test statistic £p
with the decision threshold 8p, may be not suitable. The detection

40 60 80
filtering step k

Fig. 1 Covariances p$(k) and pK(k \ k) of example 1.
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Fig. 2 Comparison of the test statistics of the two SCST approaches.
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Fig. 3 Failure detection structure for dynamical systems.

of failures which affect only a few system states may be greatly
delayed or not occur.

IV. Modifications of the State Chi-Square Test
In this section some approaches are proposed to overcome the

problems presented in the preceding section.

A. Approach for Problem 1
It is known that the accuracy of the state propagator is very

important to the failure sensitivity of the SCST. Based on the fact
that the estimation accuracy of the Kalman filter is normally much
higher than that of the state propagator, it is reasonable to consider
using the estimation results of the Kalman filter to reset the state
propagator regularly.

However, because there is usually a time interval between the
time when a failure happens and when it is detected, the possibility
exists that the state propagator may be contaminated by the Kal-
man filter data if an undetected failure has already happened. To
avoid the situation of using a contaminated state propagator as the
failure detection reference, two state propagators are suggested in
our failure detection system, as shown in Fig. 3. The two state
propagators are reset with the Kalman filter data and used as the
failure detection reference alternatively. Assume tj, (j = 1, ...) are
the time points at which one of the state propagators is reset with
the Kalman filter data and the other is put to work as the failure
detection reference. Then the switch K{ will be at position 1 to
reset the state propagator 1 when k = t2i ( / = ! , . . .)> a* position 2 to
reset the state propagator 2 when k - %-i, and at position Q
when k * tj (j = 1,...). The switch K2 will be at position 1 to use
the state propagator 1 as the failure detection reference when r2l-_ i
< k < t2i and at position 2 to use the state propagator 2 as the failure
detection reference when t2i < A: < f2l-+1- With this method, a newly
reset state propagator does not work as the failure detection refer-
ence right away. Only after a certain period of time &t = tj+l - tj9
when it is certain no failure occurred before the state propagator
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was reset, will it be put to work. In this way, the risk of using a
contaminated state propagator as the failure detection reference
can be greatly avoided.

The choice of the suitable time interval A ns important, depend-
ing on the real system design requirements. The time interval A t
should be long enough to allow a failure to be detected before the
state propagator contaminated by the failure is put to work. But it
should also not be so long that the high accuracy of the state prop-
agator is compromised.

Using the same system model and failure assumption as that
given in example 1, and choosing the time interval A / as 20 filter-
ing steps, the test statistic £2(£) in Fig- 2 shows the effectiveness of
the proposed approach. The failure is detected promptly. The
change of the test statistic £2(£) resulting from the failure is 20
times greater than that of test statistic t,i(k).

B. Approaches for Problem 2
The following two methods are considered to overcome prob-

lem 2.
Method 1: Let

(37)

where B ~ 2 (k) is the square root matrix of B(k). Then from the fact
that

£[<*(/:)] = 0 (38)

where / is the identity matrix, it is known that the components of
a(k) are independent normal Gaussian variables. Considering that
the effects of a failure on the components of a(k) are usually quite
different, the components of on(k) can be tested individually by the
following rule:

if £a/ (k) > eai then there is a failure
(40)

< ea then there is no failure

or equally

if r|a/ (k) > 1 then there is a failure

if r)a/(&) < 1 then there is no failure
(41)

where ^ai(k) 4 a^*) scaled test statistic T\ai(k) 4 CaiW/Cai- Tnen

it is expected that the test statistics that are most sensitive to the
failure will flag the failure first.

For the failures which significantly affect two or more compo-
nents of a(k) at the same time, testing two or more components of
a(k) together may result in a quicker failure detection than testing
the components of a(k) individually. To test two or more compo-
nents of a(k) together is easy because the components of a(k) are
independent Gaussian variables, and so the square sum of arbitrary
m components of a(k) is a chi-square variable with m degree of
freedom. Actually, when m = n, we have the same detection rule as
Eq. (25).

Method 2: An easier way to overcome problem 2 is to test the
components of p(&) individually. From

E[h(k)] = 0 (42)

(43)

where p;(&) are the components of p(&) and Bti(k) the diagonal
elements of covariance matrix B(k), we have

(44)

Therefore the components of P(£) can be tested individually with
the following detection rule:

or equally

if £p; (k) > Ep, then there is a failure

if £p/(£) < £p, then there is no failure

if r\ty(k) > 1 then there is a failure

if r\ty(k) < 1 then there is no failure

(45)

(46)

where TIP/ 4
With the given detection rule, we can expect that the test statis-

tics of the components P(£), which are most seriously affected by
the failures, will flag the failures first. If it is necessary, method 2
can also be extended to test two or more closely related compo-
nents of P(&) together. For example, if pt(£) and py(£) are required
to be tested together, we have

,-= [&•<*) P/*)l *,,,(*)
Bjti(k)

P/W ~ X ( 2 ) (47)

Actually, the detection rule of Eq. (25) also means that all of the
components of P(&) are tested together.

E (a(k) aT(k)] = B ~'h (k)E [p(*)pr<*)] B ~^ (k) = I (39) v Failure Detection of a Global Positioning System/
Strapdown Inertial Navigation System

In this section, the approaches proposed for improving the fail-
ure sensitivity of the SCST are applied to the failure detection
problem of a GPS/SDINS integrated navigation system. The cho-
sen error states of the GPS/SDINS integrated navigation system
are as follows:

x(t) = , 6rz, 8vN, 8v ,̂ 8vz, ON, <% <DZ,

z, e,, B ez, ,, 8r GZ, ,, 8vGZ]r (48)

where the subscript N, W, Z represents the north-west-up local
level reference frame, and jc, y, z the aircraft body reference frame.
Here, 8%, 8r^, 8rz are the SDINS position errors; 8vN, Sv^/, 8vz
are the SDINS velocity errors; and O#, O ,̂ Oz are the SDINS atti-
tude errors and azimuth error. The accelerometer, gyro, GPS posi-
tion, and GPS velocity errors are all modeled as the first-order
Markov process plus the random white process. The correlation
time constants of the Markov processes of the accelerometer, gyro,
and GPS errors are chosen, respectively, as 60, 30, and 15 min.
The measurements of the Kalman filter are the differences between
the position data from the GPS receiver and those from the SDINS,
as well as the differences between the velocity data from the GPS
receiver and those from the SDINS. The model parameters used in
the simulation analysis are listed in Table 1, where the effects of
the selective availability in the newer block II GPS satellites on the

Table 1 Model parameters

Error source Magnitude (la)
SDINS initial position errors 8/^, $rw, Srz 100.0 m
SDINS initial velocity errors 8%, 8vw, 8i£ 1.0 m/s
SDINS initial attitude errors ®N, O w 300.0 arcsec
SDINS initial azimuth error Oz 900.0 arcsec
SDINS accelerometer Markov process A^, Ay, Az 100.0 jig
SDINS accelerometer random white process l.Q jag * s'/2
SDINS gyro drift Markov process £^, £y, ez 0.1 deg/h
SDINS gyro drift random white process 0.001 deg/h'/2
GPS position Markov process 8rGN, 8rGVV, 8rGZ 100.0 m
GPS position random white noise sequence 40.0 m
GPS velocity Markov process 8vG#, 8vGlv, 8vGZ 0.1 m/s
GPS velocity random white noise sequence 0.005 m/s
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Fig. 4 SCST results of the three methods (jt-accelerometer failure).

Fig. 5 SCST results when m components from a are tested together.

accuracy of the GPS position and velocity measurements have
been considered.14 The effectiveness of the proposed approaches is
investigated under one of the following assumed system failures:
Case 1: the measurement error of the jt-accelerpmeter jumps 2 X
10~4£ (§ = 9.8 m/s2); and case 2: the measurement error of the x-
gyro jumps 0.5 deg/h. The failures are supposed to happen at t -
1000 s. All of the detection thresholds e are chosen corresponding
to a false alarm probability of 0.005. For example, e = 7.879 when
the components of a(k) and p(&) are tested individually and e =
41.4010 when $(k) is tested as a vector (n = 21), To make it easier
to compare the results of the different approaches, the scaled test
statistic T) = £/e is used in the simulation figures. ,

The mission scenario was 300 s of flight due west, followed by a
90 deg turn to the north. Flight speed was held at 300 m/s. As pre-
sented in Fig. 3, two state propagators are used in the GPS/SDINS
failure detection system. They are reset with the data from the Kal-
man filter and used as the reference system for the failure detection
alternatively. The time interval between resetting a state propaga-
tor with the Kalman filter data and using it as the failure detection
reference is 400 s (when the state propagators, were not reset with
the Kalman filter data, the failures in case 1 and ease 2 were not
detected and therefore not shown).

Figures 4-6 represent the simulation results for failure case 1.
Figure 4 represents the test statistic when the whole vector P(&) is
tested with the rule of Eq. (25) (dashed line)', the maximum test
statistic when the components of a(k) are tested individually with
method 1 (solid line), and the maximum test statistic when the
components of P(&) are tested individually with .method 2 (chain-
dotted line). Figure 5 shows the maximum test statistics when the
m (m = 1,.. . , n) components chosen from a(Q are tested together

[the x axis represents the number of the tested components chosen
from a(&)]. Figure 6 presents the test statistics of the components
of p(&) when they are tested individually [the x axis represents the
sequence number of the state variables in Eq. (48)].

Figures 7-9 represent the simulation results for failure case 2.
As in Fig. 4, the dashed line in Fig. 7 represents the test statistic of
the vector p(&), the solid line represents the maximum test statistic
of the components of a(&), and the chain-dotted line represents the
maximum test statistic of the components of p(&). Figure 8 shows
the maximum test statistics when m (m = 1, ..., n) components
chosen from a(k) are tested together and Fig. 9 shows the test sta-
tistics of the components of p(&) when they are tested individually.

As we expected, the failures affect different test statistics very
differently, as seen in Figs. 6 and 9. Therefore, the failure sensitiv-
ity of the detection system is greatly enhanced when the compo-
nents of a(k) or p(&) are tested instead of the vector of p(&), as
illustrated in Figs. 4 and 7. Figures 5 and 8 show that the failure
sensitivity generally decreases when more components chosen
from a(k) are tested together. Based on the simulation results, the
advantages of the proposed approaches can be summarized as fol-
lows.

A. Short Detection Time
When the components of a(k) or p(&) are tested individually

with the detection rules of Eq. (41) or Eq. (46), we get faster fail-
ure detection than the detection rule of Eq. (25). It takes about 500
s to flag the jc-gyro failure when whole vector P(&) is tested with
the detection rule of Eq. (25), but it takes, respectively, only about
200 or 300 s when the components of a(k) or P(&) are tested indi-
vidually with Eq. (41) or Eq. (46). The effects of the failures to the
system state estimates are quite different (as seen in Figs. 8 and 9).
When the components of a(k) or p(&) are tested individually, the

Fig. 6 SCST results when the components of P are tested individually.

15

500 1000 1500 2000

time (second)
2500 3000

Fig. 7 SCST results of the three methods (jc-gyro failure).
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information from the state estimates affected most seriously by the
failures is utilized to detect the failures.

B. High Failure Sensitivity
When the components of a(k) or p(£) are tested, the sensitivity

of the detection system to the failures is also much higher than
when the whole vector p(&) is tested. Figures 4 and 7 show that the
maximum scaled test statistics, when the components of a(&) and
P(&) are tested individually, are two to three times larger than the
scaled test statistics when the whole vector of p(&) is tested. Some
components of a(k) or $(k) are evidently more sensitive to the fail-
ures than other components. In Fig. 9, for example, the test statis-
tics of r)4, r]10, and r)14 change greatly because the jc-gyro failure
results in large estimation errors to ^, and A . On the other
hand, the failure has little effect on the state estimates of the GPS
measurement errors, so their test statistics remain unchanged.

C. More Failure Isolation Information
For real dynamical systems, failure isolation is very important.

In the GPS/SDINS integrated navigation system, it must be deter-
mined whether the failure is from the GPS or from the SDINS. But
if the vector p(£) is tested with the detection rule of Eq. (25), no
further information for the failure isolation is given. If the compo-
nents of a and p are considered as the tested variables, more infor-
mation for the failure isolation can be obtained by analyzing the
relationship between the failures and the tested variables. For
example, if the test statistics corresponding to the GPS error vari-
ables are very small when the failure detection system flags, it is
reasonable to decide the failure is most likely from the SDINS.

Fig. 8 SCST results when m components from a are tested together.

Fig. 9 SCST results when the components of p are tested individually.

On-line diagnosis may also be possible by carefully analyzing the
relationship between the failures and the test statistics.

VI. Conclusions
In this paper a number of issues involved in improving the fail-

ure sensitivity of the detection systems where the state chi-square
test (SCST) is used to monitor the state estimates of the Kalman
filter have been discussed. Two existing problems in the current
SCST were analyzed and then two approaches were proposed to
overcome them.

A. Using Two State Propagators
Two state propagators are used in the failure detection system.

The state propagators are alternatively reset with the data of the
Kalman filter to increase their accuracy and thereby the detection
sensitivity of the system. By carefully choosing the reset time, the
risk of using a contaminated state propagator as a reference system
is avoided.

B. Testing the Components of a(k) or (3(&) Individually
Testing the components of cc(&) or P(&) individually can utilize

the information given by the state estimates which are most seri-
ously affected by the failures, so the detection sensitivity of the
SCST is greatly enhanced. If it is necessary, two or more compo-
nents of a(k) or p(&) can be tested together to improve failure
detection time.

The effectiveness of the proposed approaches has been demon-
strated in the soft failure detection of a GPS/SDINS integrated
navigation system. The simulation results show that the failure
sensitivity is remarkably increased and the methods are shown to
work well in detecting soft failures in the gyros and the accelerom-
eters.
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