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Abstract

Multiple model adaptive estimation (MMAE) is used

to detect and identify sensor failures in a mobile robot.

Each estimator is a Kalman �lter with a speci�c em-

bedded failure model. The �lter bank also contains one

�lter which has the nominal model embedded within

it. The �lter residuals are postprocessed to produce a

probabilistic interpretation of the operation of the sys-

tem. The output of the system at any given time is the

con�dence in the correctness of the various embedded

models. As an additional feature the standard assump-

tion that the measurements are available at a constant,

common frequency, is relaxed. Measurements are as-

sumed to be asynchronous and of varying frequency.

The particularly di�cult case of 'soft' sensor failure

is also handled successfully. A system architecture is

presented for the general problem of failure detection

and identi�cation in mobile robots. As an example, the

MMAE algorithm is demonstrated on a Pioneer I robot

in the case of three di�erent sensor failures.

1 Introduction

Failure1 detection and identi�cation (FDI) are im-

portant problems in the development of reliable, robust

mobile robots. In this paper we present the application

of a technique called Multiple Model Adaptive Estima-

tion (MMAE) to the case of the FDI problem in mobile

robots. Speci�cally, we apply the technique to three in-

dependent sensor failures. Two of the failures are 'hard'

in the sense that the sensor is assumed to be stuck at

a certain value and the measurements available from it

are subsequently ignored. The other failure considered
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1In this paper fault and failure are used synonymously

in this work is 'soft' in the sense that a sensor degrades

in quality but is not completely useless. To recognize

that a soft failure has occurred using the conditional

probability computation used in the 'hard' cases is an

unsolved problem [11]. We estimate on-line the new

noise pro�le in the case of such a failure. It may be

noted that once a 'soft' failure is identi�ed correctly,

the sensor may still be used, albeit with decreased con-

�dence.

Kalman �ltering [5, 7] is a well known technique for

state and parameter estimation. It is a recursive esti-

mation procedure using sequential measurement data

sets. Prior knowledge of the state is improved at each

step by taking the prior state estimates and new data

for the subsequent state estimation.

Using a bank of Kalman �lters was pioneered by

Magill [6] who used a parallel structure of estimators

in order to estimate a sampled stochastic process. Sub-

sequently Athans et al. [1] used a bank of Kalman �l-

ters that provided state estimates to an equal number

of LQG compensators to provide control over di�erent

operating regimes of an aircraft. Each estimator relied

on a set of system equations linearized about a di�er-

ent operating point. Later Maybeck et al. [9] used the

same technique (with an adaptive control strategy) to

control F-15 aircraft. Further, in work by Maybeck

et al. [11, 8] the multiple model adaptive estimation

(MMAE) technique was used to reliably detect and

identify sensor and actuator failures for aircraft. It is

a frequent assumption in the literature that the sensor

measurements are available at a common, constant fre-

quency. In the experiments reported here that restric-

tion is lifted using the sequential processing technique;

proofs and details are available in [15].

In recent years Kalman �lter based localization has

become common practice [2, 13] in the robotics liter-

ature. Since the MMAE technique relies upon a bank

of Kalman �lters it seems natural to apply it to fault



Figure 1: The Pioneer I

detection and identi�cation in mobile robot systems.

The important aspect of the method is to use analyti-

cal redundancy in the form of several systemmodels (as

opposed to say hardware redundancy which replicates

hardware to identify a failure). A Kalman �lter based

framework provides a measure of the disparity (typi-

cally called a residual) between the measured sensor

values and the values predicted by the model embed-

ded within the �lter. The residual is used in the �lter

to update the estimate and is an excellent indicator of

failure. We demonstrate this fact using three sensor

failures as examples.

Earlier work in FDI (though not applied to mobile

robots) is due to [4] and [16]. In [3] a network of adap-

tive virtual sensors is used to maintain reliable per-

formance of a walking robot with many sensors, actu-

ators and computers. In [12] the authors investigate

fault-tolerant techniques using redundant sets of con-

trol strategies. Previous work using MMAE applied

to the case of mechanical failures (
at tires) on board

mobile robots is due to Roumeliotis et al. [14].

In section 2 the robot model is presented; in section

3 the general fault tolerant architecture is described

including the details of the MMAE approach and in

section 4 the experimental results are given. Section 5

concludes with a summary and a discussion of ongoing

and future research.

2 Robot Model

The Pioneer I used for experiments is a three wheeled

robot shown in Figure 1. The front two wheels are actu-

ated independently thereby enabling di�erential steer-

ing. The rear wheel is a passive caster. The kinematics

of the Pioneer I are given in Equations 1-2. Each wheel

of the Pioneer has a position encoder. A gyro was used

to measure the yaw rate of the robot.

vL = rL
_�L vR = rR

_�R (1)
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Figure 2: The Robot Kinematics

_� =
vR � vL

a
vtot =

vR + vL

2
(2)

where a is the axle length, rL and rR are the radii of

the left and right wheels respectively. The yaw rate of

the robot in the x-y plane is denoted by _� and the ro-

tational speeds of the left and right wheels are denoted

by !L = _�L and !R = _�R. The linear speeds of the

left and right wheels are denoted by vL and vR. These

kinematic quantities are shown in Figure 2.

The basic idea behind the approach used in this work

is to do fault detection by processing the residual sig-

nature of the Kalman �lter and fault identi�cation by

having a particular �lter respond to its matching fail-

ure with minimal measurement residual (and therefore

maximal con�dence). In the experiments reported here

the measurement vector is composed of the two rota-

tional speeds of the left and right wheels and the yaw

rate of the chassis as measured by a gyro. The esti-

mated measurement vector is denoted by ẑ, the actual

measurements from the sensors are denoted by z and

the residual vector is denoted by r. We have

z = [!L !R
_�]T ẑ = [!̂L !̂R

_̂�]T r = z � ẑ (3)

The various �lters developed in this work use the kine-

matics in Equations 1-2 and the measurements shown

in Equation 3.

3 Fault Tolerant Architecture

The proposed architecture is depicted pictorially in

Figure 3. The thrust of the current work is in the fault

detection and identi�cation modules (FDI) as seen in

the bold part of the �gure. The control module is part

of the future work. The �rst stage of the proposed

approach is the detection of a fault. In the results

presented here thresholding the residual is su�cient to

detect a fault. However identi�cation requires residual
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Figure 3: Failure Detection and Identi�cation

postprocessing using a hypothesis conditional probabil-

ity computation.

The bank of Kalman �lters shown in Figure 3 is la-

beled using pairs of numbers (i; j). If the �rst num-

ber in the ordered pair is the same for two �lters then

the same set of kinematic system equations (with dif-

ferent parameters) is used in both �lters. Four �lters

were used in the experiments reported here; all share

the same robot kinematics. If the �rst entry is un-

equal the two �lters have di�erent kinematic equations

of the system. This allows a general application of the

method covering the cases when the failure causes a

change in the kinematic equations of the robot. Each

�lter produces a residual rij. The nominal model re-

sults in a residual of r00. All the residual vectors are

fed into the FD (failure detection) and FI (failure iden-

ti�cation) modules. The output of the FD module is

a signal notifying a failure. When this is true the FI

module becomes active. The FD module stays active

even after a failure has been detected in case the failure

spontaneously disappears or a new failure appears. A

small portion of this scheme (a bank of four �lters) is

implemented here. In the scheme proposed here, the

key insight is to use a bank of estimators. The fault

detection/identi�cation depends on the selection of the

state estimator with the minimal residual. This esti-

mator is the one which assumes currently sound knowl-

edge of the system description, i.e. it has incorporated

the failure e�ect in its structure. The FDI module thus

provides a high quality estimate to the control module

and allows for graceful degradation of the system. An

increase in robustness is expected since the proposed

scheme uses additional knowledge about expected fail-

ures. Thus it is capable of dealing with scenarios that in

other schemes might be considered catastrophic. The

third stage in the process shown in Figure 3 is labeled

control. This stage deals with modifying the control

structure of the robot (fault accommodation) so that

it can continue functioning after the fault has occurred.

Failure identi�cation is accomplished using hypoth-

esis testing on the residuals. In this case we have four

residuals (one from the nominal model and three from

the failed cases). Accordingly, we form four hypothe-

ses. The �rst hypothesis H1 is that the system is oper-

ating nominally. The second hypothesis H2 is that the

gyro which measures yaw rate has degraded such that

its noise pro�le has changed. The third hypothesis H3

is a hard failure of the gyro - this is modeled as a stuck-

at fault. The fourth hypothesisH4 is that the left wheel

encoder of the robot has su�ered a hard failure (again

modeled by a stuck-at fault). Hard failures are mod-

eled using di�erent parameters in the sensor matrixH.

Soft failures are modeled using di�erent parameters in

the sensor noise covariance matrix R.

Following Maybeck [8] we compute the conditional

density function of the measurement z at time ti given

that failure k has occurred (1 � k � 4) and the mea-

surement history Zi�1 = [zT(t1) : : :z
T(ti�1)]

T as

fz(ti)jak;Zi�1
(z(ti)jak;Zi�1) = �e

�
1
2
rk

T (ti)Sk
�1rk(ti)

(4)

where ak is a vector of parameters speci�c to the kth

failure and the coe�cient � is given by

� =
1

(2�)
m=2

jSkj
1=2

(5)

m is the dimension of the measurement vector, z(ti)

and Sk is the covariance of the residual at time k. May-

beck [8] has shown that one way to achieve fast re-

sponse to failures is to set � = 1. We successfully tested

this approach (termed � elimination) for the di�erent

cases of sensor failure considered here.

The next step is to determine the conditional proba-

bilities of the hypotheses H1 through H4. These prob-

abilities are denoted by pk(ti); (1 � k � 4). The k
th

probability is computed as the conditional probability

that fault k has occurred given the measurement vector

sequence Z using the following iterative formula.



pk(ti) =
fz(ti)ja;Zi�1

(z(ti)jak;Zi�1)pk(ti�1)
P4

j=1 fz(ti)ja;Zi�1
(z(ti)jaj ;Zi�1)pj(ti�1)

(6)

It may be noted that
P4

k=1 pk(ti) = 1; each

pk(ti) has a maximum value 1 and an arti�cially im-

posed minimum of 0.01. This minimum value ensures

that no failure hypothesis is too weak to in
uence

subsequent future conditional probability evaluations

quickly enough. The above expression for updating the

conditional probabilities makes the assumption that all

measurements are available at once. This is however

not the case. As an example H4 is the hypothesis that

the left wheel encoder has su�ered a hard failure. If at

a given time instance ti data is not available from this

encoder then we update the conditional probabilities

pk(ti); k = 1; 2; 3 as follows:

pk(ti) = (1 � p4(ti�1))

f
z(ti)ja;Zi�1

(z(ti)jak;Zi�1)pk(ti�1)

P
4

j=1
f
z(ti)ja;Zi�1

(z(ti)jaj ;Zi�1)pj (ti�1)

(7)

p4(ti) = p4(ti�1) (8)

The idea being that since no information is available

from the encoder and only a gyro measurement ap-

pears, the a posteriori probability of the encoder failing

is considered to be the same as the a priori probabil-

ity. The other terms are weighted suitably to ensureP4
k=1 pk(ti) = 1 at time ti. At this point it is worth

mentioning that due to the � elimination the a priori

probabilities do not sum to one. We relax this restric-

tion because we are interested in their relative values

only (as opposed to their absolute values). This is evi-

dent in the calculation of the a posteriori probabilities.

The most probable hypothesis is forced to a value close

to one while the rest of the probabilities are forced to

stay close to zero. Due to Equations 6, 7 and 8, the a

posteriori probabilities sum to one. This is valid in the

cases where a single failure has occured.

4 Experimental Results

In the experiments reported here, three faults were

considered and four �lters were used in the �lter bank

to process the data stream from the robot's sensors as

it transitioned from its nominal behavior to the faulty

behavior. In Figure 4 each sub�gure shows the case

of a di�erent failure. The �rst one (at the top of the

page) is the case of the soft gyro failure. In this case

the gyro noise characteristics are assumed to degrade

by increasing the standard deviation of the noise by a

factor of 2 at time t = 14 seconds. The nominal con-

ditional probability (solid line) responds by decreasing

sharply and the soft failure conditional probability rises

sharply to 1. After a soft failure occurs the new level

of noise is calculated on-line following [10].

The middle sub�gure in Figure 4 shows the case of a

hard gyro failure. It is assumed that the gyro is stuck

at a �xed value at time t = 14 seconds. As before the

nominal conditional probability responds by degrading

sharply (solid line). However there is a small inter-

val of time where both the soft and hard gyro failures

respond positively. This is to be expected since the

system cannot immediately decide whether the failure

is due to a change in noise characteristics or due to

a constant bias. However more samples (and hence a

larger time interval) allow the system to calculate its

conditional probabilities appropriately and ultimately

the hard gyro failure conditional probability saturates

to 1 as expected and the soft gyro failure conditional

probability decays back to near 0.

The bottom sub�gure in Figure 4 shows the case of

a hard encoder failure on the left wheel of the robot.

The encoder on the left wheel is stuck at a �xed value

at time t = 10 seconds. The response of the nominal

model conditional probability decays from 1 to nearly

0 rapidly and the response of the hard encoder failure

�lter rises to 1. It may be noted that in each of the

three case no false positive identi�cation occurred. In

each case the system was able to detect and correctly

identify the failure in a timely way.

It will be noted that the soft gyro failure assumed

a speci�c noisy degradation in the gyro data by in-

creasing the standard deviation of the gyro measure-

ment noise by 3. In practice however, one is unlikely

to know a priori the exact noise pro�le after the degra-

dation. In Figure 5 we show the case of a soft gyro

failure with a di�erent (smaller) noise degradation (by

a factor of 1.5 in the noise standard deviation). As the

�gure shows the system correctly detects and identi�es

the failure, though with a slower response time. This

provides preliminary evidence that the FDI system is

robust and will function in the unmodeled soft failure

regime as well.

5 Conclusions and Future Work

In this paper we have presented a Multiple Model

Adaptive Estimation (MMAE) based technique for sen-

sor failure detection and identi�cation on board a mo-

bile robot. Experimental evidence is presented to show

that the technique works well for several di�erent fail-

ures. The implementation described here is able to use

measurements from several sensors asynchronously and
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Figure 5: An example of an unmodeled soft gyro fail-

ure. The response is accurate but slow.

at non-constant frequencies. Soft gyro failure (modeled

by an increase in noise standard deviation) is correctly

identi�ed by the system using online estimation. In all

cases, correct and timely failure identi�cation preserves

the validity of the state estimate along with an updated

associated con�dence level In the present treatment the

appearance of a bias in the gyro measurement is treated

as a hard failure. In the future we plan to incorporate

existing models of gyro drift into the system to convert

this case into a soft failure case so that the informa-

tion from a biased gyro need not be discarded as it

presently would be. Future research is also aimed at a

better understanding of soft failure modes as well as ex-

tensions to other sensor failure applications. This work

is part of a larger research e�ort which seeks to detect

and identify common failures in mobile robots as well

as recon�gure the system once identi�cation is done.

To that end future work will also include research into

actuator and mechanical failure diagnosis and recovery.
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Figure 4: Each �gure above shows four traces. In each sub�gure the nominal �lter conditional probability starts

out near 1 and all the others are close to 0. In each case after the failure the nominal probability declines and the

appropriate conditional probability rises to nearly 1. The �gure at the top shows the case of a soft gyro failure, the

middle �gure shows the case of a hard gyro failure and the bottom �gure shows the hard encoder failure case.


