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Abstract— This paper shows how state-of-the-art state estima-
tion techniques can be used to provide efficient solutions to
the difficult problem of real-time diagnosis in mobile robots.
The power of the adopted estimation techniques resides in our
ability to combine particle filters with classical algorithms, such
as Kalman filters. We demonstrate these techniques in two
scenarios: a mobile waiter robot and planetary rovers designed
by NASA for Mars exploration.
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I. INTRODUCTION

FAULT diagnosis is a critical task for the autonomous opera-
tion of mobile robots, such as planetary rovers. The objective
of diagnosis systems is to detect the discrete state of operation
of a robot given a stream of observations [1], [2], [3], [4]. For
example, given measurements of currents and images of the
environment, a robot might need to automatically diagnose
whether any of its wheels are stuck. In this example, the
discrete states could be left wheel stuck and right wheel stuck.
Once the robot knows its discrete state, it can generate a
control action to solve its current problem.

Fig. 1. Jos’e, winner of the 2001 AAAI Hors d’Oeuvres Competition [5].
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Fig. 2. The Marsokhod planetary rover.

This problem is hard because the discrete state of the robot
depends on context. A high current when going uphill or over
an obstacle may be normal, but the same current on a flat
surface could indicate a fault. Hence, in order to obtain good
estimates of the discrete states of the robots, we also need
to infer the many dynamic, continuous states. This problem
results in models that are intractable. Fortunately, particle
filters can be used to provide accurate approximations.

Particle filters go back to the first publically available paper
in the modern field of Monte Carlo simulation [6]; see [7] for
a comprehensive review. One of the major drawbacks of PF is
that sampling in high-dimensional spaces can be inefficient. In
some cases, however, the model has “tractable substructure”,
which can be analytically marginalized out, conditional on
certain other nodes being imputed. The analytical marginal-
ization can be carried out using standard algorithms, such as
the Kalman filter, the HMM filter, the junction tree algorithm
for general dynamic Bayesian networks (DBNs) [8], or, any
other finite-dimensional optimal filters. The advantage of this
strategy is that it can drastically reduce the size of the space
over which we need to sample.
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Marginalizing out some of the variables is an example of the
technique called Rao-Blackwellisation, because it is related to
the Rao-Blackwell formula: see [9] for a general discussion.
Rao-Blackwellised particle filters (RBPF) have been applied
in specific contexts such as mixtures of Gaussians [10],
[11], [12], fixed parameter estimation [13], HMMs [11], [12],
Dirichlet process models [14], and DBNs [8]. An excellent
theoretical treatment of the algorithms adopted in this paper
is presented in [15].

In the paper, we also propose a version of Rao-
Blackwellised particle filtering that does one-step look-ahead
to select good sampling regions. We show that the overhead
of the extra processing per particle of this more sophisticated
method is more than compensated by the decrease in error and
variance.

We begin the paper by presenting the mathematical models
and various particle filtering algorithms. Next, we demonstrate
our algorithms for state estimation on three robots: a Real
World Interfaces B-14 mobile robot with a B-12 base (see
Figure 1), a K-9 planetary rover (Figure 15) and a Marsokhod
planetary rover (Figure 2).

Il. MATHEMATICAL MODEL

We represent the complex nonlinear process (robot system)
with a dynamic mixture of linear processes. In addition to
the continuous state variables corresponding to each linear
process, we have a discrete state variable that determines the
linear regime of operation. In the fault diagnosis setting, each
regime corresponds to a particular fault. Different regimes
could, however, be used to represent levels of the fault or
different internal states of the robot for the purposes of
controlling it automatically. We acquire data for each regime
separately. This data enables us to do off-line identification
with the EM algorithm [16], [17]. The models estimated with
EM are validated on test set data to ensure that we have
captured the behaviour of the process adequately. In addition,
we ensure that the data generated by the models is statistically
similar to the real data; see [18] for more details on how this
is done.

Once the stationary parameters have been identified, real-
time Rao-Blackwellised particle filtering (RBPF) algorithms
are used to estimate the continuous and discrete states of the
system on-line. These estimates are used to determine the type
of fault and control policies.

In mathematical terms, we adopt the following state space
representation 1:

2z~ P(zi|20:0-1, o:t—1, Y1:0—1, U1t 1)
Ty = A(Zt)(Et_l + B(zt)wt + F(zt)ut
Y = C(Zt)l't + D(Zt)’Ut + G(zt)ut,

INOTATION: For a generic vector #, we adopt the notation 61., =
(01,02,...,0¢)" to denote all the entries of this vector at time t. For
simplicity, we use 6; to denote both the random variable and its realisation.
Consequently, we express continuous probability distributions using p (df+)
instead of Pr(6; € df¢) and discrete distributions using p (6;) instead
of Pr(0; = 0¢). If these distributions admit densities with respect to an
underlying measure g (counting or Lebesgue), we denote these densities by
p (6¢). For example, when considering the space R", we will use the Lebesgue
measure, v = dby, so that P (df:) = p (6) db:.

where,

e y; € R™ denotes the measurements.

e 1; € R™ denotes the unknown continuous states.

e u; € U is a known control signal.

e 2 € {1,...,n.} denotes the unknown discrete states
(normal operation and faulty conditions).

« The noise processes are i.i.d Gaussian: w; ~ N (0, I) and
Vg ~ N(O7 I)

« The parameters (A4, B, C, D, F, G) are identified matrices
with D(z;)D(z:)* > 0 for any z;. Typically, these
matrices are estimated with the EM algorithm for linear
dynamic systems [16]. That is, one simply fixes z and
obtains data from the physical process. With z known,
it is straightforward to estimate these matrices from the
measured data using the EM algorithm. We have to repeat
this process for each possible value of z.

« The initial states are xg ~ N (o, X0) and zg ~ p(2q).

o The transition kernel P(z¢|z0.t—1,%0:t—1,¥1.¢—1) could
correspond to either a discrete Markov transition matrix
P(z¢|2t—1), a continuous transition density, a DBN with
some independence structure that could be exploited,
a hierarchical parameterised model, etc. The important
thing is that we can easily derive particle filters using this
very general expression for the kernel. In our experiments
we adopted a Markov transition matrix. Our model is
therefore a jJump Markov linear Gaussian (JMLG) model.

For clarity of presentation, we state explicitly that our model
implies the continuous densities:

p(@ilze, zi-1,u0) = N(A(z) -1 + F(20)ur, B(2)B(2)")
p(ye| e, 26, ur) = N(C(z¢)we + G(z¢)ug, D(2¢)D(2)").

For ease of presentation, we also drop the control signal u
from the argument of the various probability distributions.
We should notice that for each realization of z;, we have a
single linear-Gaussian model. If we knew z;, we could solve
for x; exactly using the Kalman filter algorithm. The directed
acyclic graphical model representation of our model is shown
in Figure 3.

Discrete
States

Continuous
States

Control Signal

Continuous
Observation

Fig. 3.
have a simple linear-Gaussian graphical model.

Probabilistic graphical model. Note that by conditioning on z, we
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The aim of the analysis is to compute the marginal pos-
terior distribution of the discrete states p (zo.t|y1.¢). This
distribution can be derived from the posterior distribution
p (dxo.t, z0:¢|y1:t) by standard marginalisation. The posterior
density satisfies the following recursion

p($0:t,20;t|y1:t) = p($0:t71,Z0:t71|y1:t71)
p(yt|It,Zt)p(l‘t,Zt|170:t71720:t71,y1:t71) Q)
p(yt|y1:t—1)
This recursion involves intractable integrals in the denomina-
tor. One, therefore, has to resort to some form of numerical
approximation scheme.

I1l1. PARTICLE FILTERING

The idea of Monte Carlo simulation is to draw an i.i.d.
set of samples {z(}N , from a target distribution p(dz|y)
defined on a high-dimensional space X' (for simplicity, we are
ignoring z for the time being). These N samples can be used
to approximate the target density with the following empirical
point-mass function

Py (dzo| y1:e) = 25 <z> (dzo.t)

where &, (dz) denotes the delta-Dirac mass located at (.
That is, we are simply approximating a complex distribution
with a histogram of the samples as shown in Figure 4.

B Target distribution
O Approximation
® Samples

Fig. 4. Approximating the target distribution using a histogram of the Monte
Carlo samples in a simple one-dimensional example.

Consequently, one can approximate any integrals (expecta-
tions such as the mean and variance of z) I (f) with tractable
sums Iy (f) that converge as follows

Zf

That is, the estimate I (f) is unbiased and by the strong
law of large numbers, it will almost surely (a.s.) converge to
I(f). From the set of random samples {zV;i=1,..,N},
one can easily estimate any quantity 7 (f) and the rate of
convergence of this estimate is independent of the dimension
of the integrand. In contrast, any deterministic numerical
integration method has a rate of convergence decreasing as the
dimension of the integrand increases. Unfortunately, it is usu-
ally impossible to sample efficiently from the posterior density
p (ot y1.¢) atany time ¢, p (zo.¢| y1.¢) being multivariate, non
standard and only known up to a proportionality constant. So
we turn to importance sampling.

N—>oo

I(f) Z/f(ﬂﬁo;t)p(dxo;t|y1;t)-

Let us introduce an arbitrary so-called importance sampling
distribution (also often referred to as the proposal distribution
or the importance function) ¢ (zo.¢| y1.¢). Assuming that we
want to evaluate I (f) then, provided that the support of
q (2o:t| y1:t) includes the support of p (x0.¢| y1.+), we get the
following identity

I f (zo.) @ (z0:4) q (wo:t] Y1:¢) dose

1§ = f W (w0:¢) ¢ (To:¢| Y1:t) dwost

where w (zo.¢) is known as the importance weight
p (I0zt| yl:t)
q (xO:tl yl:t)
if one can simulate N

W (xo:) =

Consequently, i.i.d. particles

{:17(()25,1 =1,. N} according to ¢ (xo.t|y1.), a possible
Monte Carlo estimate of I (f) is
(4) N
~ N Zz L f (o Zo:t i i
In(f) = (e )5 )—Zf%ﬁw)
DT ( t) i=1
where the normalized importance weights wti) are given by
~ (. .()
PG, 2
wt - N (J) ( )
Zg 1 w (‘TO t)

For N finite, T () is biased (ratio of two estimates) but
asymptotically, under weak assumptions, the strong law of
large numbers applies, that is Iy (f) N% I(f). Under

additional assumptions a central limit theoremo,owith a conver-
gence rate independent of the dimension of the integrand, can
be obtained [19]. It is clear that this integration method can
also be interpreted as a sampling method where the posterior
distribution p (xo.¢| y1.¢) is approximated by

N
Py (dzos|y1e) = ngl)%& (dzo:t) @)
i=1 )
A recursive (sequential in time) procedure may be obtained
by adopting the following proposal distribution:

q (ffo;t| yl:t) =q («TO:t—1|y1:t—1) q (9Ct| wo:t—17y1;t)

and only proposing candidates z; at time ¢. That is the past is
not changed. From equation (1) (ignoring z), it is easy to see
that this importance function allows us to obtain the following
recursive estimate of the importance weights at time ¢:

(i) P(yt|$§i))p($§ fét 15 Yi:t— 1)
wy ' X )

Q(xt ‘T((Jl 1YL t)

(4)

In our JMLG model setting, we use a weighted set of
samples (particles) {(x0 tvz()t) } , to approximate the
posterior with the following point- mass dlstribution

ﬁN(dIo:t, 20:¢|Y1:¢)

N
(@)
= g wy 0y ) (do:t, 20:t),
0:t270:t

i=1
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where § 20 20 (dzo.t, z0.¢) denotes the Dirac-delta function.
Given N partlcles {th 1,zéft71}§\;1 at time t — 1, approx-
imately distributed according to p(dx((ft 15 zo t 1|ly1:e-1), PF
enables us to compute N particles {zoi,zm} Y, approxi-
mately distributed according to P (dmé:i,zo:2|y1_t) at time ¢.
Since we cannot sample from the posterior directly, the PF up-
date is accomplished by introducing an appropriate importance
proposal distribution ¢(dzg.¢, z0.¢+) from which we can obtain
samples. The basic algorithm, Figure 5 (see Figure 6 for a
graphical representation), consists of two steps: sequential im-
portance sampling and a selection that allows us to choose the
fittest particles at each time step (see the introductory chapter
in [7] for a more detailed explanation of particle filters). This
algorithm uses the transition priors as proposal distributions;
q(wo:t, 20:t|y1:e) = p(wel@i—1, 20)p(2e| 20:—1, To:t—1, Y1:6—1)-
For the selection step, we used a state-of-the-art minimum
variance resampling algorithm [20].

Sequential importance sampling step

e Fori=1,...,N, sample from the transition priors
50~ Plalag oy mon 1)
7~ Pldzdaf? 5"

and set (E&j( 2) £ (“i”,?i RPN Ol 1)
e For ¢ = 1,...,N, evaluate and normalize the importance

weights )
wEZ) <yt|x( 9 ))

Selection step

o Multiply/Discard particles {581,252} with respect to

hlghllow |mportance weights wﬁ) to obtam N particles

{xo > 20: i}

Fig. 5. PF algorithm at time ¢.

IV. RAO-BLACKWELLISED PARTICLE FILTERING
By considering the following factorization [9]:

p (IO:u Zo:t| ylzt) =P (IO:t| Yi:t, Zo:t) p (ZO:t| y1:t) )

it is possible to design algorithms with less variance. The
density p (xo.t| y1:t,20.¢) IS Gaussian (given z;, the JMLG
model reduces to a simple linear Gaussian model) and can
be computed analytically if we know the marginal posterior
density p (zo.¢|y1.¢). This density satisfies the alternative re-
cursion

p(ZO:t|y1;t) = p(ZO:t—1|y1;t—1)
Xp(yt|y1:t717ZO:t)p(Zt|ZO:tflvylzt71) )
p (yt|y1:t71)

Resampled particles at time t-1

TSN

. .. Weighted particles

oo

Resampled particles at time t

00000000

Fig. 6. Graphical representation of the PF algorithm for a continuous one-
dimensional problem. Starting with the resampled particles at ¢t — 1, a new
set of particles is proposed at time ¢. We compute the importance weight of
each particle. Finally, we select the fittest particles according to their weights.
Note the filter has failed to track the two modes appearing on the right of the
filtering posterior distribution at time ¢.

If equation (1) does not admit a closed-form expression,
then equation (5) does not admit one either and sampling-
based methods are still required. (Also note that the term

P (yt|y1:t—1, 20:¢) In equation (5) does not simplify to p (y¢|z:)

because there is a dependency on past values through x.;.)
This is immediately apparent if we look at the graphical model
representation in Figure 3.

Now assuming that we can use a weighted set of samples
{zo t,wtz)} v, to represent the marginal posterior distribution

Zwt)d“ (z0:t),

the marginal density of xq.; is a Gaussian mixture

]3 ZOt|7J1t

B (@oulyre) = / (@0t 0, y1.0)AP (ot ye)

N
= /p(-TO:t |20:4, Y1:t) Z w,gz)tsz((;’i (20:¢)

i=1

N
= > w p(@oulyies 261) (6)
i=1
that can be computed efficiently with a stochastic bank of
Kalman filters. That is, we use PF to estimate the distribution
of z; and exact computations (Kalman filters — one for
each particle) to estlmate the mean and variance of x;. In
particular, we sample zt ) and then propagate the mean /U't)
and covariance E ) of x; with a Kalman filter:

i = AG + P u

20 = AES A + B BT
Si7 = CEDZLOE + DE)DET)

v = CeMu_ + Gl
) = g+ S CEOTST O - )
Zgi) = EETZ 1_253 1C(Z( )5;1(1)0( Z))Zi\lt 1
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where,

o -1 = E (2] y1:—1)
* Mt £ E (2] y1:¢)
® Ytjt—1 £E (yel yr:e—1)
° Et|t—1 £ cov ($t| ylztfl)
o Xt = cov (x| yint)
o S £ cov (ye| yrie—1).
Hence, using the prior proposal for z; and applying equation

(5), we find that the importance weights for z; are given by
the predictive density

p(ytl ylztflazlzt) =N (yt;yﬂt—la St) . (7

This RBPF algorithm was applied to fault diagnosis in [21].
The algorithm is shown in Figure 7.

Sequential importance sampling step

S () 2 (i) $3(9) 2 (9
e Fori=1,..,N, setut‘t 1= umfl, Et‘t 1 = Et‘t 1
sample
20~ Pr(aleg) i, 260y, yre-1)
« Fori = 1,..., N, evaluate and normalize the impor-

tance weights
wi? ocp (yt|y1:t7173§i))
Selection step

OIV/Di ; ) @ oY
« Multiply/Discard particles § &, ;_,, ;) 1, 2 with
=1
respect to high/low importance welghts w,E ) to obtain
N particles {“t\t 1,2;2 l,zt()} .
i=1

Updating step

o« FOor i = 1,...,N, use one step of the
Kalman recursion to compute the sufficient
statistics u(tll\t’ iil‘t,ytﬂ‘t,st(jl, given

(4) (4)
{Zt » Hogje— 172t\t 1}

Fig. 7. RBPF algorithm at time ¢. For each particle z( D we propagate the
mean and variance of x;. This enables us to approxmate the posterior of
x with a mixture of Gaussians. Note that in the simple PF, the posterior is
approximated with a more coarse model: a mixture of Dirac-delta functions.

The RBPF requires that we propagate a Kalman filter for
each particle. It appears at first sight to be computational
expensive. The experiments will show, however, that this extra
computation per particle can result in vast improvements in
accuracy and robustness.

V. LOOK-AHEAD RAO-BLACKWELLISED PARTICLE
FILTERING

In order to deal with unexpected observations, it is possible
to improve the RBPF by looking one step ahead. One can
expand the expression for the importance weights as follows:

w = p(20:t|y1:¢) ®
q(20:¢|y1:t)
p(ZO:t71|y1:t) p(2t|ZO:t71,y1:t)
p(Zo:t—1|y1:t—1) Q(Zt|20:t—17 yl;t)
p(yt|yl:t—17ZO:t)p(Zt|ZO:t—17yl:t—1)
q (Zt|Z0:t717 y1:t) '

©)

(10)

The choice of proposal distribution, q(zo.t|ly1.:) =
q(z¢|z0:t—1, y1.4)p(z0:t—1|y1:4—1), States that we are not
sampling past trajectories. Sampling past trajectories requires
solving an intractable integral [22].

We could use the transition prior as proposal distribution:
q(zt|z0:t—1, ¥1:t) = P (2¢|20:t—1, y1:4—1). Then, according to
equation (10), the importance weights simplify to the predic-
tive density of equation (7).

However, according to equation (9), the optimal proposal
distribution corresponds to the choice q(z¢|z0.t—1,¥1.t) =
p(2t|20:t—1, y1:t). This distribution satisfies Bayes rule:

(Ut|y1t 172’015) (Zt|20:t717y1:t71)
(yt|y1:t—1720:t—1)

P (2t]20:0-1,Y1:0) =
(11)
and, hence, the importance weights simplify to

wy o< P (Y¢|Y1:4—1, 20:t—1)

o > p(elyre—1, 2041, 20) p (2]20:40-1, y1:4-1) (12)

ze=1

When the number of discrete states is small, say 10 or
1000, we can compute the distributions in equations (11) and
(12) analytically. That is, if the number of discrete states
is reasonably small, we can compute the sums by simple
enumeration. In addition to Rao-Blackwellization, this leads
to substantial improvements over standard particle filters. Yet,
a further improvement can still be attained.

Even when using the optimal importance distribu-
tion, there is a discrepancy arising from the ratio
p(z0:t—1|y1:¢)/P(20:t—1]y1:—1) in equation (9). This discrep-
ancy is what causes the well known problem of sample
impoverishment in all particle filters [7], [23]. To circumvent
it to a significant extent, one can note that the importance
weights do not depend on z, (we are marginalising over this
variable). It is therefore possible to select particles before
the sampling step. That is, one chooses the fittest particles
at time ¢t — 1 using the information at time ¢. This leads to
an efficient algorithm (look-ahead RBPF), [15], [2] , whose
pseudocode is shown in Figure 8. Note that for standard
PF, Figure 5, the importance weights depend on the sample
zg , thus not permitting selection before sampling. Selecting
particles before sampling results in a richer sample set at
the end of each time step. See Figure 9 for a graphical
representation.
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Kalman prediction step

e Fori=l,...,N,andfor z; = 1,...,n, compute
ﬁg‘z 1(Zt)’ EE‘Z 1(Zt)7 ﬂi‘z 1(275)’ Sgl)(zt)
e Fori=1, ..., N, evaluate and normalize the importance
weights

wii) (yt‘yl‘tflvz(()i,)g 1)

ZNﬂi‘Z L0, 8D ))p(zl28)_y ye—1)

z¢=1

Selection step

~(4 . N
o Multiply/Discard particles {A“ 2521,26271}_71 with

respect to high/low importance weights wﬁ” to obtain N

N
particles {ut 1,25)17Zéi 1}_1'

Sequential importance sampling step

e Kalman prediction. Fori=1, ..., N, and for z: = 1,...
using the resampled information, re-compute

y Nz

A0, SO, B G0, 800
e FOrz:=1,...,n, compute

Pzl ynie) o< N @y (20, 87 (2))p(zel 260) oy yrie—1)

o Sampling step 0

Z NP(Zt|ZOt 17y1t)
Updating step
e For i=1 , ..., N, use one step of the Kalman
recursion to compute the  sufficient  statistics

{Mii) , Eii)} given {ﬁt\tfl(zii))v it\tfl(zii))}-

Fig. 8.  Look-ahead RBPF algorithm at time ¢. The algorithm uses an
optimal proposal distribution. It also selects particles from time ¢ — 1 using
the information at time ¢.

VI. EXPERIMENTS WITH B-14 RESEARCH ROBOT

Jos e is a general purpose research robot, specifically a Real
World Interfaces B-14 mobile robot with a B-12 base, who
recently won the AAAI Hors d’Oeuvres Competition [5] (see
Figure 1).

The base unit contains two separate motors, one for transla-
tion and one for rotation. Power is provided by a rechargeable
battery. The translational motor drives all three wheels, giving
excellent traction. The rotational motor turns all three wheels
in unison, so they are always pointing the same way. Thus
there is no concept of “front” or "back” wheels - a given
wheel can end up in the front (relative to the direction of
travel), at the back, or anywhere in between. Jose can move
along curved paths by simultaneously translating and rotating.

co0p00® o000

Sampled particles at time t-:

Weighted particles

o3}
000
00000

Resampled particles

oo o oco ° o

Sampled particles at time t

%o

Fig. 9. Graphical representation of look-ahead RBPF. First we compute the
importance weights. After resampling according to these weights, we propose
new particles at time ¢. With this algorithm, we are more likely to be able to
track all the modes of the changing filtering distribution.

The B-12’s motors are stepping motors, controlled by a
varying pulse width. Actual translation and rotational speed
are measured by optical shaft encoders - one for translation
and one for rotation. Individual wheels do not have separate
encoders, so are assumed to all be translating or rotating at
the same speed. There are commands to set the desired speed
and acceleration. A feedback control loop monitors the actual
values and adjusts the motor pulse width to achieve the desired
values. Simpler open-loop commands are also available - these
bypass the control loop and send a fixed pulse width directly
to the motors.

The B-12 provides status reports including measured trans-
lational and rotational speeds, current and pulse width to either
motor, battery voltage, etc. Jos e also has a stereo camera and
bump, infrared, and sonar sensors.

A. Experimental Setup

Using the currents as control signals «,, we measured the
speeds of the wheels y;. We used a one dimensional continuous
state x,. This state need not have a physical interpretation (this
is indeed not needed in our fault diagnosis setting). It should
rather be interpreted as a projection of y, to a noiseless space.
We performed tests using two sets of four discrete states z;,
chosen as follows:

State | Description

1 Smooth floor, no extra load
Smooth floor, dragging a light load
Smooth floor, dragging a medium load
Smooth floor, dragging a heavy load
Tiled floor, no extra load
Tiled floor, dragging a light load
Tiled floor, dragging a medium load
Tiled floor, dragging a heavy load

Oo~NoO O wWwN

The ’dragging’ states were chosen so that we could repeat-
ably simulate a fault situation in which Jose has bumped into
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or snagged something. The smooth floor represents a low-
noise environment, while the tiled floor represents a noisy
environment.

We engineered the initial and transition matrices for the
discrete states zo ~ p(z0) and p(z¢|z:—1), collected data in
each discrete state and learned the matrices A, C, F, G using
a conventional optimization process and a standard procedure
in control engineering [24]. The noise matrices B and D were
learned via the expectation maximisation (EM) algorithm for
linear dynamic models [16]. Figure 10 shows the measured
data and data generated by the JMLG model under several
step responses.

High
4+ I._\ 4
3 |-
N”Z Low \ / Low
Normal Medium
1
O L L L L L
0 100 200 300 400 500
time (=) 1/10 sec
0.7F ' ]

" ..—— Realdata
E06% i /

JMLG model e

L L L L
100 200 300 400 500
time (=) 1/10 sec

Fig. 10. To test how well our models capture the behaviour of the data, we
used them to generate data under a switching load z;. As shown in the plot
below, the generated data y: captures the trends in the real data.

B. Testing and Results

Over 30 test runs were conducted, in which the robot
was placed in different states at random times. Measurements
were recorded every 0.1 sec. The three particle filtering
algorithms were tested. For each dataset and algorithm, we
plotted diagnosis error rate versus number of particles and
CPU time. The diagnosis error rate is the percentage of time
steps in which the diagnosed state differed from the actual
state. This obviously decreases with the number of particles in
all algorithms. Note that there is a baseline error rate resulting
from human inaccuracy in timing the state changes.

1) Low-Noise Environment: Test runs involving state
changes while the robot was travelling on the smooth floor
produced the results shown in figures 12 and 11. In this
environment, la-RBPF is clearly superior. One would expect
it to perform better than the other algorithms for the same
number of particles; la-RBPF is doing a lot more work per
particle. But even when the extra time per particle is factored
in, 1a-RBPF is still more efficient. Overall it produces a lower

60

% Error Detection
[l
o

40+
30+
20+
10t
Y ‘ ‘ |
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Number of patrticles
Fig. 11. Smooth floor. Diagnosis error vs number of particles. Estimation

based on 25 runs.
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Fig. 12.  Smooth floor. Diagnosis error vs computing time. Estimation based
on 25 runs.

error rate (and lower variance) than PF and RBPF using the
same CPU time.

2) High-Noise Environment: Similar state changes while
operating on a tiled floor yielded different results (see Fig-
ure 13). Here, la-RBPF’s extra work resulted in no benefit.
When we applied a simple moving-average filter to the data,
la-RBPF’s advantage was restored — Figure 14.

VIl. EXPERIMENTS WITH MARS ROVERS
A. K-9 rover
We performed experiments on a simple model of the suspen-
sion system of the K-9 rover at NASA Ames Research Center.

K-9, shown in Figure 15, is a six wheeled rover with a rocker-
bogey suspension, and we model the suspension’s response to
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Fig. 14. Tiled floor. Diagnosis error vs computing time, where the measure-
ment signals have been filtered (smoothed). Estimation based on 25 runs.

driving over rocks and other obstacles to anticipate situations
where the rover’s scientific instruments could collide with an
obstacle, or where the rover could become “high-centered”
on a rock. The model has six discrete modes that refer to flat
driving, rock under front wheel, rock under middle wheel, rock
under rear wheel, rock between front and middle wheel and
rock between middle and rear wheel, respectively. There are
four continuous parameters in the model, which represent the
rocker and bogey angles and their derivatives. The angles are
the two observable variables of the system.

The trajectories of rocker and bogey angles « and 3 can be
modelled as trigonometric functions when one wheel is going
over the rock and constant otherwise. By also modelling their
derivatives ¢ and 3 as continuous parameters of the system,
we obtain linear probabilistic transition functions of the form

ap = a1+ ka1 + N(O, U‘i)

Fig. 15. The planetary rover K-9.

and
oy = aq—1 + ka1 + N(Ovao%)

and likewise for 8. With &y = —q; in the trigonometric
case and d; = 0 in the constant case all transition functions
are linear functions of the system’s continuous parameters.
The discrete transition function and the noise terms were
engineered by hand.

We carried out two sets of tests. In the first set, the model
was used to generate data for which ground truth was available
as to the true values of the mode and continuous variables, and
the algorithms were applied to this artificial data. In the second
setting, we applied the model to detect rocks in real data. This
data was generated at NASA Ames by driving the K-9 rover
over three different rocks in an outdoor “sandbox” consisting
of gravel, sand, rocks and small hills.

We first report the results on artificial data with ground truth.
Here, the look-ahead variant of RBPF proved to be highly
efficient. In this set of tests, the diagnosis of every filter is
taken to be the maximum a posteriori (MAP) estimate of the
discrete modes.
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Figure 16 shows the percentage of incorrect diagnoses for
PF, RBPF, and la-RBPF for a varying number of particles.
Clearly, la-RBPF and RBPF vyield better results than PF with
the same number of particles. When we take into account
the additional computation time la-RBPF and RBPF need per
particle, the performance of PF and RBPF is comparable but
the two are still clearly dominated by la-RBPF (see Figure 17).

In some cases we are not only interested in diagnosing the
discrete modes, but also the continuous parameters of a hybrid
system. As an example we might want to know the steepness
of a hill, or the size of a rock we are driving over. In other
applications, these continuous parameters might be crucial,
particularly when diagnosing sensor defects and calibration
problems.

Figure 18 shows the mean squared error (MSE) of the PF,
RBPF and la-RBPF algorithms on the same artificial data
as above where ground truth is available. The Y-scale is

Mean squared error

RBPF

10°F \
* L GFERRRER TR N i -
10°F /

la-RBPF

-7 I I I}
10° 107 10° 10
Computing time per timestep (=) sec

Fig. 18. Mean squared errors of the PF, RBPF and la-RBPF algorithms,
averaged over 50 runs. Note the logarithmic scale for both the X- and Y-
axes.

logarithmic to fit the extreme differences between PF and the
other algorithms. With a mean squares estimation error of the
continuous parameters which is between 10% and 10° times
higher than that of la-RBPF, it is clearly outperformed. The
difference between RBPF and la-RBPF is very small with
the look-ahead variant performing slightly better for small
numbers of particles.

We also applied the algorithms to real data from the K-
9 rover. In Figure 19, we show the two observed variables,
rocker and bogey angle as well as the discrete mode estimates
PF and la-RBPF yield with the number of particles they can
roughly process in real time. PF uses 32 particles while la-
RBPF is allowed to use 4 particles. To avoid a cluttered picture
we omit RBPF (with eight particles) which yields better results
than PF but still performs worse than la-RBPF. To iterate, state
1 represents flat driving, state 2 driving over a rock with the
front wheel, state 3 with the middle wheel and state 4 with the
rear wheel. State 5 represents the rock being between the front
and the middle wheel and state 6 between the middle and the
rear wheel. There is no ground truth for this data, although it is
fairly clear from the data when the rover drives over the three
rocks. The PF almost misses the third rock and gets confused
by little changes in the data during flat driving. The la-RBPF
algorithm detects all the rocks and only the rocks, but on the
second rock, the traversal of the rear wheel is missed. We
believe this is due to weaknesses in the model rather than in
the tracking algorithm.

B. Marsokhod rover

At NASA Ames Research Center, we also applied Rao-
Blackwellised Particle Filtering for model-based fault de-
tection on the Marsokhod rover, a medium-sized planetary
rover with six wheels (see Figure 2). The wheel model was
initially only designed to demonstrate feasibility of model
based diagnosis [25]. It is completely hand-crafted and the
effort of tuning parameters was not undertaken. Despite this
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Fig. 19. Discrete mode estimates on real data.

fact, we can diagnose faults very efficiently and correctly using
this model and Rao-Blackwellised particle filtering.

Diagnosis is run independently on each of the six wheels.
There are 22 discrete states, 9 of which are normal operational
states and 13 of which represent fault states. Diagnosable faults
include a stalled motor, a broken gear, and a broken gear and
encoder. For the experiments we describe here, the right rear
wheel had a broken gear and encoder. The task of diagnosis
was to reliably identify this fault with as little measurements
as possible. The rover was set to an idle state in which the
fault is not diagnosable and then it was given the command to
start. We report the number of measurements the algorithms
needed to settle for the diagnosis of a broken gear and encoder
at the rear back wheel.

In Figure 20, we report this number of measurements on
the Y-axis as a function of the varying number of particles
the algorithms are given (the total number of measurements
after the command was issued was 46 and if the fault is never
diagnosed we report this number). Standard Particle Filters
show very inferior performance in this task. Only with 1000
particles and above they are able to diagnose the fault in
some of the experiments. The look-ahead variant of RBPF,
on the other hand, can already diagnose the fault with one
single particle. It is simply tracking the mode very well. The
picture does not change much when we take into account
the different time complexities of the algorithms: la-RPBF is
still performing considerably better than RBPF which in turn
outperforms PF significantly. For additional information on the
wheel model and more experiments we refer the reader to [25].
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Fig. 20. Number of measurements needed to diagnose a fault. Algorithms PF,
RBPF and la-RBPF with a varying number of particles available for diagnosis.
Estimation based on 25 runs.
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Fig. 21.  Number of measurements needed to diagnose a fault. Algorithms
PF, RBPF and la-RBPF with varying computation time given per time step.
Estimation based on 25 runs.

VI1Il. CONCLUSION

In this paper, we demonstrated the use of algorithms, that
combine particle and Kalman filters, for diagnosing mobile
robots. In particular, we showed that the look-ahead RBPF
can compute very accurate diagnosis probabilities in real-time.
There are two reasons for this. First, marginalising continuous
variables reduces the problem of high-dimensional state spaces
considerably. Second, the look ahead feature is important
in diagnosis with particle filters, where the probability of
faulty states is typically low. Looking one step-ahead improves
the probability of proposing particles in these states of low
probability.

This state estimation method can also be used to select
control strategies [26]. This is an essential step toward having
robots that can carry out self-maintenance.
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There are several avenues for further research. Standard
particle filters allow us to adopt nonlinear measurement mod-
els, but this comes with a great computational cost. Many
current efforts are being devoted to the design of efficient
filters to handle this situation [27], [28], [29]. We also need to
investigate hierarchical models for specifying faults. The aim
is to end up with sparse models that can be solved efficiently
using multiple Rao-Blackwellisation. Finally, it is important
to continue testing the robots, models and algorithms in more
demanding conditions.
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