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Abstract mosphere to slow itself down enough to enter orbit. Data
from the stations tracking the spacecraft shows that the
Autonomous fault detection is prerequisite for autonomogsacecraft passed only about 60 kilometers above the sur-
system repair which is of great value for spacecraft whefigce of Mars. There was an error in the spacecraft’s tra-
human intervention is expensive, slow, unreliable, and Oectory that made it crash into Mars instead of going into
casionally impossible. We present a method which sugrbit. The error was caused by the failed translation of
cessfully achieves autonomous fault detection in simulgnglish units into metric units in a segment of ground-
tion. The approach uses a nonparametric estimate of §igsed, navigation-related mission software. Later it was
system state updated based upon sensor measuremesiad that by comparing Doppler and range solutions with
Our system does state estimation using a decision-theorgge computed using only Doppler or range data a dis-
generalization of particle filters which takes into accoumrepancy could have been detected in time for corrective
the difference in utility of fault detection vs. fault nondeqction [10].
tection. In the case of Mars Polar Lander, it is hypothesized
that a faulty sensor made it turn off its landing thrusters
before touchdown. The sensor was triggered by the legs
unfolding instead of waiting until they actually touched
down on the surface of Mars. Since the engine turned
Hioo soon, the spacecraft fell to the surface at about 50
iles per hour, and crash-landed [11].

On August 21, 1993 the transmitters on the Mars O%l'u A number of the future space exploration missions in-

rver were turned off during the final roach to Mas de rovers. Detecting faults in the rover domain is an
tse ret tetﬁ u rﬁ On n'tj 9 inet ha T(F}Fr) (r)r?fh Or ae%(en more complex problem. This is because the environ-
10 protect the components against Snock 1o € PresStental interactions are unpredictable and ill modeled, and
ization sequence. After the transmitter was turned off t@%nsors tend to be very noisy

tapks were supposed to be pressun‘zed’ and then the trans;A perfect example of this is thBante Il robot [1].
mitters turned back on and communications with Earth s

med. but no further sianals were ever received on E rh1994, Dante Il was deployed in a remote Alaskan vol-
SUmMEd, butno TUher sighals were EVer received on Eaitlly,, 1 demonstrate remote robotic exploration. While
The hypothesis is that a small amount of nitrogen tetrox-

. . scending out of the crater, it encountered steep slope and
ide may have leaked through the check valves during t@?oss—slope conditions that changed the system dynamics.

11 month voyage to Mars and condensed in the PreSSHLG ure to account for this resulted in the robot falling on

ization lines. During pressurization, the oxidant woulﬂs side. Dante Il was unable to self-right and had to be

have mixed with the monomethylhydrazine fuel, causlnrgEscue d by helicopter.

combustion and rupture of the fuel lines. The resultant * , "\ examples show that faults manifest them-

high-pressure expulsion of gases through the rupture woy | {les in subtle ways that can only be detected by con-

have started the spacecraft spinning uncontrollably ap uously monitoring the dynamics of the system. They

mall(\l/lr;%sC(():T?rT;tglC(Zz)i:lt?ipe\r,v"meEr?erzg][ I(;?chfgﬁfsei\/lars mis_also show that the system dynamics tend to be different in
. ' ; different operating conditions. For example, for a rover,
sions, was supposed to enter orbit around Mars on Septvﬁm

ber 23rd, but ground controllers did not receive a sign§|gh power draw on flat ground may be a cause for con-

as scheduled. The spacecraft was supposed to pass a %r , but on a slope that might be perfectly acceptable,
150 kilometers above the surface of Mars and use the at- he general problem is estimating unobservable dis-

1 Introduction

In the last ten years, three space missions have dis
peared before reaching Mars — Mars Observer, Mars C
mate Orbiter and Mars Polar Lander.



crete modes of a system from noisy measurements of con- Rich Washington [15] developed an extension that used
tinuous variables. In the case of a rover, the contina-POMDP to represent the discrete states of the system.
ous variables correspond to the estimated continuous sfeite dynamics within each discrete state are represented
based on the available sensor data, such as temperawsa)g a Kalman filter. This work is a clever way of rep-
speed and motor current. The discrete modes correspoesenting hybrid state. But each Kalman filter can only
to rover states such as “stuck wheel”, “broken gear”, amdpresent a unimodal posterior. Capturing the full poste-
“normal operation”. rior is intractable since there are potentially an exponen-
Typically, rovers have limited power and computationizl number of hypothesis to track. The method therefore
resources. In addition, the measurements of continuduacks only a finite number of most likely hypotheses.
variables are noisy and influenced by the external envi- Lerner and others [7] represent the posterior with a
ronment. Thus, we need an algorithm for estimating theixture of gaussians, where each gaussian represents a
discrete modes ireal timefrom noisy measurements of hypothesis being tracked. Instead of selecting a subset of
continuousvariables. We must also take into account theypotheses at each time step, they collapse similar gaus-
fact that faults are usuallyery low probability events sians. This method provides a good approximation of the
In this paper, we investigate how faults and specipbsterior. It makes the assumption that it is feasible to
conditions can be identified autonomously and robustignumerate all the possible hypotheses.
Experiments with a rover simulator provide evidence that Williams and Nayak [16] use a qualitative model based
this approach works. technique for fault diagnosis. This approach was success-
Our approach is based on a probabilistic technigéiglly used in the spacecraft domain, but it has turned out to
known aspatrticle filtering [2, 6, 8, 12], also called the be unsuitable for the rover domain because it relies on the
condensation algorithnf4] and Markov Chain Monte system transitioning occasionally from one steady state to
Carlo (MCMC) [3, 14]. In particle filtering, weighted another. Thus, it cannot account for the frequent transi-
samples (callegharticleg are used to nonparametricallytions of a rover that are caused by the continuous interac-
approximate distributions. The next section describes thigns with the environment.
in greater detail. Particle filters provide a computationally Shiela Mcllraith [9] was one of the first to propose a
tractable approach to estimating the state of such hybBdyesian tracking approach for tracking hybrid systems.
systems. This approach uses factored sampling techniques, but does
The remainder of the paper is in the following formatnot track low probability events well.

1. General discussion of various approaches.

3 Particle Filtering

2. Areview of particle filters.

3. A generalization of particle filters for high cost/lowFiltering is defined as the problem of estimating the state
probability events motivated by decision theory. of a dynamic system from sensor measurements. As the
state evolves, the system receives a sequence of sensor
4. A description of the rover we will simulate. measurements, , oo, . . ., 0, Whereo; represents the ob-
servation at time step Control inputsay,as,...,a; act
to alter the state evolution. Filtering estimates the state of
the systems,, at timet as the posterior distribution:

5. Experimental results from the simulation.

2 Approaches to State Estimation
p(St | ot,at,ot,l,at,l,...ol,al) (1)
We formalize the problem by viewing the state of the sys- . . . .
tem as a vector consisting of a discrete component corﬁ&'s IS a:]sczhkno;/vrg as_the t|g’lebellef .St?te?t‘\iflt' In our

sponding to the fault and operational modes, and a contﬁ'ﬂpio_afh , the f ate; = (tCtt’ ) ?O;IS'S S % h og_omp?-
uous component corresponding to the continuous state Gf1tS: the continuous state variables,and the discrete

the system. Since we have a discrete component as v{)%ﬂlém()d?sdtl':lt inasimolifies the filteri blem b
as a continuous one, we cannot apply traditional state es- ayesian Hiteringsimpliiies the 1iftering problem by

timation techniques, such as Kalman Filtering [5]. ThigSsuming that the system state evolves iklarkovian

is because Kalman filters track continuous state under ff@y' tAtMarkowan d!.st)./SteT IS gne n dWht'Ch pastthand fu- i
assumption of a unimodal distribution. A common wa re states are conditionally independent given the curren

of tracking a system with discrete and continuous co 'Eaie-thThet I\t/larkowalj alssu_lrj:]ptlp r.]t.V\flllj aII_Iofvy us .:.0 I?Stg
ponents is to use a bank of Kalman filters [5, 13]. B ate tne state recursively. 1he initial beliet 1S initiafize

since failures may occur in any combination, the numb psed on pnc_)r_knowledg?: Often, a.unlform prior 1s cho-
of Kalman filters may grow exponentially. sen for simplicity. In addition, we will make the Hidden



Markov Model assumption that our observations are giveéime full posterior is intractable for any feasible system.
by a probability distribution dependent only on the currei@ur approximation uses a technique calfsatticle fil-
state. tering where a set of weighted samples calfgatticles
We are trying to estimate equation (%).is a vector of P; = (s, wy)1<i<n, approximates the beligdel;.
continuous and discrete variables. Applying Bayes rule, This approach has several benefits. Itis non-parametric
we get: and can represent a wide range of distributions. Both dis-
crete and continuous variables can be represented with
Bel; = p(s¢ | op,a,00 1,04 1,...,01) a single particle filter. Particle filters are easily imple-
mented since there is no need to specify a posterior based
x p(sy | 4. 0p1 a1) 2) on the full_prior. Inst_egd a posterior distribution needs
PR to be specified for a finite state represented by a sample.

where, 7 is a normalizing constant independent of th& forward simulation of rover kinematics is sufficient for
state. ' this purpose. Since the accuracy of results can be traded

Since the observations are given under the Hidgelpr computational efficiency, particle filters are any-time
Markov Model assumption this implies that: algorithms. One of the reasons for the efficiency is that in

many cases the computational complexity does not heav-

= np(os | Sty Aty 0t 1,.-.,01)

(o | St, e, 01, - - a1) = p(og | s¢) (3) lly degrade as the dimension of the state space increases.
Simple patrticle filters [3] estimate the probability dis-
Substituting (3) in (2): tribution Bel, based on the data, which consists of mea-
surements and actions taken by the system. We can think
Bely = np(o; | s0)p(se | ar, 0021, -, a1) of each particles;; as a hypothesis about the current state
= np(os | 5¢) of the system. Starting from an initial particle &4, at

each step the next particle d&tis obtained from the pre-

X Z /p(St | di—1,Ct—1,0¢,04—1,-..,a1) vious oneP;_; by a recursive update. This is done by
di1 samplingP; from the state transition probability. In effect

X p(di_1,ci1 | Ay 041, ..., ay)des_y (4) Wwe are sampling from the distribution,

Here, we have broken the staig_; down into contin- Q: = p(sti | St—1i,a¢—1)Beli_1

uous,c¢—1, and discreted;_;, components for explicit- __, . . = L
ness ct-1 di1 P P This distribution is also known as thgoposal distribu-
Using the Markovian property, (4) may be simplified!on' The propo_sal distribution is not e_xactly thg distribu-
to: tion from equation (5) that we are trying to estimate. To
' take into account the fact that we have sampled from the
wrong distribution, the samples are likelihood weighted

Bel; =np(o; | s
¢ = mplor | t) by the ratio of the desired distribution to the proposal dis-

X Z /p(st | di—1,¢t-1,0¢ 1) tribution:
i
(dl | Y np(og | sei) P(sti | se—14,ae-1) Bely_1
X _1C—1 | O4—1,---,a1)dci—
b (t H )1 - ' ! p(Sti | 8t71i,at71)B€lt71i
=np(ot | s
P | t = np(o | St:)
X Z /p(St | di—1,ce—1,ai-1)Belg_ydci—1  (5) = Wy (6)
di—1

This gives an updated set &f weighted samples. We can
To implement the recursive Bayesian filter in equarow transform this into an unweighted set of samples by

tion (5), the probability distributions required are: resampling according to the weights.
The recursive update takes into account the actions
1. state transitiop(s; | s¢—1,a:1) taken and maintains the particles according to the distri-
2. observation(o; | 50) butic_Jn of_ our Bayesian belief state.. By design, a simple
' particle filter tracks well the most likely state of the sys-

tem. This means that if we use a particle filter directly for
fault identification, it will track well the hypotheses rep-
Since there are a large number of components tltrasenting anominal stateof the system and poorly detect
can fail in any combination at any time, there are potethe unlikely fault states. This drawback is further compli-
tially an exponential number of discrete states. Trackirmpted by the fact that the size of the discrete component

3. initial belief Bel,.



of the state space is exponential in the number of sulbe already have a state transition ruts|s;—1,a;—1)
systems that can fail, since every possible combinationwhich will allow us to generate new states at titrgiven
failures of subsystems could occur. Thus, when appliedttte state at timé — 1. Using samples drawn according to
a complex system with many failure modes an algorithm(s;_;)p(s;—1 ), we can generate states according to:
based on particle filters could experierseanple impover-

ishment In other words, the particle s& would approx- u(st—1)p(st)

imate the probability distribution of the belief state inef- ) ) S o
fectively because most particles would represent similife can then easily adjust this distribution by reweighting
states and no particles would represent unlikely (thou@H" Samples with the ratio:

important) states. This motivates an improvement to par-
ticle filters which we discuss next.

A resampling of the distribution will now generate sam-

4 Decision Theoretic Particle Filters oles according to:

We want a system which will allow us to detect the im- u(se)p(se)

portant states. In order to find such a system we can logk desired. In fact, the sample/reweight/resample can all
to the principles of decision theory. In decision theorye done in one step (with lower variance) by drawing from
for every state and every action (such as the action to ee¢transition probability” which has the reweighting built
cover from a fault state), there is some expected futurgo it:

lossi(S, A). The goal then is to choose the action which u(st)

SN . L p(st | S5t-1)
minimizes future expected loss. Given a distribution over u(s¢—1)
states, the expected future loss for an actiors: Integration of observations is unaffected by this approach
and is done in the same manner as for standard particle
)= [ 105, A(s)as fiters.

Theoretically, we should alter our initial distribution
With standard particle filters, we can attempt to estimagg samples so as to mimic a distribution proportional to
r(A) using Monte-Carlo integration with particles. Howgyr prior timesu(S). However, it is sometimes more con-
ever, Monte Carlo integration may converge only VeRyenient to pretend that our prior is uniformdS)p(S).
slowly because low probability events might have a very Experiments in (section 6) show that the efficiency of

high loss associated with them. _ fault detection is significantly improved by this approach.
Can we achieve quicker convergence for an estimate

of r(A)? The answer, somewhat surprisingly, is “yes”. In .
general, for a Monte-Carlo integration of two functions: 5 Example Domain

/ F(S)g(S)ds
S

quicker convergence can be found by drawing samples
from a distribution proportional tg(S)g(S). In fact, the
constant of proportionalitis the result of the integration.
To apply this approach efficiently, we will only be able y
to keep around one sample set rather then a sample s¢ai
for every possible action. We can describe the relative
importance of states using a utility functian,S), which
might be derived from a decision theoretic loss function,
(S, A) in several ways. Now, if we keep our samples
according to a distribution proportional t¢.S)p(.S), we
expect quicker convergence for monte-carlo integrations Figure 1: The Hyperion Robot.
of the risk of reporting or not reporting faults.
How do we keep a sample set with a distribution pro-
portional tou(S)p(S)? We seek a simple recursive rule The example domain used in this paper is the Hyper-
which will allow us to maintain particles according to thison robot (Fig. 1). Hyperion is a mobile robot being devel-
distribution. First, assume that at titie 1, we have parti- oped at Carnegie Mellon University. It will demonstrate
cles distributed according ®(s;—1)p(st—1). In general,




autonomous solar powered navigation on Devon Islandéach wheel in the rover coordinate frame are as follows:
the Arctic, in July 2001.

Fig. 2 shows a top view of the robot. Hyperion has P = (E cos a, L B sin a)
four actuated wheels. The back frame is rigid and the 2 2 2
front is steerable, but not actuated’1, W2, W3 and P — (E cos L n B sin a)
W4 are the four wheels andl, v2, v3 andv4 are their 27\ 2 22
respective translational velocities. is the steering angle B I
and#@, which is not shown in the diagram is the rotation Py = (-5, —§>
of the frame, i.e. rotation with respect to world coordi-
nates. R, and R, representz andy coordinates in the Py = (E, _£>
rover frame and, ands, represent the andy coordi- 27 2

nates in the _steerlng framé. is the_ wheel base or FOVeI The instantaneous motion of the robot is represent by the
length ands is the track or rover width. . ector M = [Az, Ay, A8, Aa]T. The kinematic equa-
For the.purpo_se of this paper, we are Ipokmg at .a'suk?ns for the instantaneous motion at each wheel are:
set of possible failures. We are interested in determining i
any of the four wheel motors is faulty, any wheel is stuck - [ L B B, 1.
and locked, or if any of the drive gears are broken. This is My = Az + (E T 5sm a) A0 + EAO‘ o+
important because in the event of any of the above faults, - B B ’
the commanded velocity at one or more wheels may have Ay — ~ Cos alf — 5 €08 ala|y
to be altered to achieve the desired motion. The problem n T
is to determine if any one of these faults occurs giventhe 37, — (Az — <£ _Bg ) Af EA P
2 T sin « + ol r+
commanded velocity at each wheel, noisy measurements 2
of the position and orientation of the rover, and the steer-
ing angle reported by the steering potentiometer. For the

- B B -
Ay + ~ Cos alAf + 5 cos alAa| g

- [ L B

—_— L . B R
/\\Wz M, = |Az + EAO] T+ {Ay + 5A0] 7
N\ o) ™

The rover simulator used in the paper minimizes wheel
slip for any given set of commanded velocities.

The ten discrete states that we estimate aveheell or
wheel2 motor or gear broken, wheel3 broken, wheel4 bro-
ken, wheell locked stuck, wheel2 locked stuck, wheel3

=R L 6 Experiment
: locked stuck, wheel4 locked stuck, wheel3 gear broken,

w3l wa wheel4 gear brokenThe reason thawheell or wheel2
| oo B oo > motor or gear brokemre lumped together as a single fault
is because when either of the front wheels cannot be con-
Figure 2: Top view of Hyperion. trolled, there is no way to control the heading of the rover

and the mission will have to be aborted. Aggregating
faults that result in the same response reduces the dimen-
purpose of this paper, we use a simple linearized kingionality of the state space. On the other hand if a motor
matic model of Hyperion. This is reasonable since sean one of the back wheels is determined to be broken, then
sor measurements come indf z and the motion of the the control input may be modified to produce the desired
rover is almost linear between consecutive sensor meastion.
surements. The wheel positionB;, P», P; and P, of The dynamics of the rover are different in each of
these discrete states. The dynamics within each discrete



state are represented with a set of equations. The co Wheel 1 Whee'2

tinuous variables used to track system dynamics are re, ** o2
resented by the vectal' = [z,y,6,a]T and control by 02 02 1
A = [u1,us,us3,us]T, where theu;s are commanded § o | 01

wheel velocities.

The system belief state is represented with a séf of 01
weighted samples; = (s, wy;)1<i<n. Here each sam- o m Twm e I N
ple is in any one of justO discrete states (no multiple

failures) and has a value for each partigle= [d;, ;]

) 0.3 0.3
where oz oz
d; € {normal, wheel or whee® motor or gear bro- o | o |

ken, whed broken, whedl broken, whedl locked stuck,
whee? locked stuck, whe&llocked stuck, whe¢llocked
stuck, whed gear broken, wheélgear broken} . The

Wheel speed m/s —>

Wheel 3 Wheel 4

Wheel speed m/s —>

0 0

-0.1 -0.1

initial discrete state is assumed to be the normal operatic.. T e 0 e T
state and each sample has weight _ N
At each time Step, the Samp‘gi is updated to get Flgure 3: Commanded velocities at each wheel.

samples; ;. We first do the discrete state transition by

drawing a sample from the discrete state transition func-

tion: of
dir1i ~ p(digri | dess criy ar)

Rover position at time step 1, 10, 22 and 35

The dynamics represented by the discrete state-atare
used to estimate the continuous state; ; by drawing a
sample according to:

a4l

3k
A

copri ~ D(Cirri | digais diiy iy ar) !

2L

The samples are then weighted by the likelihood of |
the sample given the sensor measurement. The sensi )
measurement is the rover pose(iny, §) from GPS and of
the steering angle from the steering potentiometer. The e
measurement matrix i9 = [z, y, 6, a]. e o 1 2 3 s

TheseN samples are normalized so that the weights -
sum tol and the process recurses.

For the experiment, first the rover is driven with a va-
riety of different control inputs in th@ormal operation
mode. At thel7th timestepwheel3 is stucland locked
against a rock.Wheel3is then driven in thebackward 1o track fault10. The reason is that faults are low prob-
direction, which causes it to get unstuck and the rover rability events and when the state is approximated using a
turns to thenormaloperation mode. It continues to opersmall sample set, none of the samples transition to the true
ate normally until thegear on wheel4 breakat the30th  State. This simple particle filter does not scale well. For
timestep. This fault is not recoverable and the controlléfe purpose of fault detection, the low probability fault
just alters its input based on this state. In this experimegt@tes are very important to track. We handle this by for-
we do not look at multiple simultaneous failures, but theyard sampling based on the utiliand probability of the
can easily be included by extending the model. Fig. ®Xt state transition rather than just febability of the
shows the commanded velocity at each wheel and Fighéxt state transition. Fig. 6 shows the results with this
shows the rover position. For clarity this figure shows tH&ethod. The figure shows the most likely state estimate,
pose at only a select few timesteps. Fig. 5 shows the fae sample variance of the filter, and the error in the esti-
sults obtained by using a simple particle filter, with hybrignate oveil00 repetitions of the experiment. It also shows
state, for this experiment. Even for a simple experimeHie variance of this error overla0 repetitions of the ex-
with 10 discrete states antlcontinuous variables, a largePeriment. With100 samples the filter was able to track
number of samples were required before it was possififie fault states reasonably well and with @0 samples

Figure 4: Rover position at time step 1, 10, 22 and 35.
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Figure 5: Results with a simple particle filter.
(2)normal, (2)whedl or whee® motor or gear bro-
ken, (3)whed broken, (4)whedl broken, (5)wheél
locked stuck, (6)whellocked stuck, (7)whegllocked
stuck, (8)whedl locked stuck, (9)wheglgear broken,
(10)wheel gear broken

it erred only once.

7 Conclusion

Here Figure 6: Results with a utility based patrticle filter

[2] A. Doucent. On sequential simulation-based meth-

(3]

(4]

The algorithm proposed succeeds at non-parametric fault
identification in our simple domain using only limited real-

time computation. The most important step for future[s)

work is scaling this approach up to larger domains, show-
ing that it can handle multiple faults and doing (inherently

expensive) validation tests on real robots. We anticipate

that it will work well in many other fault identification

domains and the decision theoretic extension to particle
filters may be of interest beyond the fault identification

problem.

(7]

We are currently working on implementation and test-

ing with a real robot.
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