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Abstract

This paper introduces a method to detect and iden-

tify faults in wheeled mobile robots. The idea behind

the method is to use adaptive estimation to predict (in

parallel) the outcome of several faults. Models of the

system behavior under each type of fault are embed-

ded in the various parallel estimators (each of which

is a Kalman Filter). Each �lter is thus tuned to a

particular fault. Using its embedded model each �lter

predicts values for the sensor readings. The residual

(the di�erence between the predicted and actual sen-

sor reading) is an indicator of how well the �lter is

performing. A fault detection and identi�cation mod-

ule is responsible for processing the residual to decide

which fault has occurred. As an example the method

is implemented successfully on a Pioneer I robot. The

paper concludes with a discussion of future work.

1 Introduction

Fault1 tolerant behavior in mobile robots is de-

sirable for a variety of reasons including safety and

economics. Fault tolerant behavior refers to the au-

tonomous detection and identi�cation of faults as well

as the ability to continue functioning after a fault has

occurred. This paper deals with the �rst two com-

ponents of the problem namely detection and iden-

ti�cation. The ultimate goal of this work is to de-

velop a methodology that allows mobile robots to au-

tonomously detect, identify and rectify faults due to

sensor failure, actuator failure as well as mechanical

failure.

�This work is supported in part by JPL, Caltech under con-

tract #959816 and DARPA under contract #F04701-97-C-0021
ycontact author for correspondence
1In this paper fault and failure are used synonymously

Earlier work in the �eld (though not applied to

mobile robots) is due to [6] and [15]. In [4] a net-

work of adaptive virtual sensors is used to maintain

reliable performance of a walking robot with many

sensors, actuators and computers. The basic idea is

that the virtual sensors recon�gure the way they use

sensor information when a failure is detected. In [13]

the authors investigate fault-tolerant techniques using

redundant sets of control strategies. Recent work in

generating fault residuals in robotics includes [14], a

grid cell consistency measure based approach and [3],

a observer-based approach to fault isolation in robot

manipulators.

Kalman �ltering [7], [9], [5] is a well known tech-

nique for state and parameter estimation. Kalman

�ltering is a recursive estimation procedure using se-

quential measurement data sets. Prior knowledge of

the state (expressed by the covariance matrix) is im-

proved 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 [8] 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. [11] used

the same technique (with an adaptive control strategy)

to control F-15 aircraft. Further in [12], [10] the mul-

tiple model adaptive estimation (MMAE) technique

was used to reliably detect and identify sensor and

actuator failure for aircraft.

In recent years Kalman �lter based localization has

become common practice [2] in the robotics litera-

ture. Since the MMAE technique relies upon a bank



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

detection and identi�cation in mobile robot systems.

The basic philosophy of the method is to use ana-

lytical redundancy in the form of several system

models (as opposed to say hardware redundancy

which replicates hardware to identify a failure). A

Kalman �lter based framework provides a measure of

the disparity (typically called a residual) between the

measured sensor values and the values predicted by

the model embedded within the �lter. The residual is

used in the �lter to update the estimate and is an ex-

cellent indicator of failure. We demonstrate this fact

using two failures as examples. A future challenge is

to develop algorithms that can discriminate between

the time pro�les of multiple faults as they appear si-

multaneously in the residual.

The work reported in this paper is largely fault de-

tection and a basic example of fault identi�cation. The

overall architecture is a two-component system com-

prised of 1. fault detection and identi�cation and 2.

fault accommodation. The architecture is ultimately

intended for larger scale application. In this work four

�lters were designed and implemented. The �lter bank

used for fault detection and identi�cation consisted

of three of them (the �rst one was not used). The

preliminary �lter developed is an adaptive estimator

used to estimate the values of two parameters. The

basic observation is as follows: in the absence of any

fault when the left and right wheels of the robot are

commanded to rotate at �xed, equal speeds, the resul-

tant trajectory is not a straight line. This is primarily

due to two reasons 1. actuator mismatch and 2. un-

equal wheel radii. Measurements con�rmed that the

second factor was not signi�cant. However, modeling

actuator mismatch is quite complex. An alternative

method is to build a �lter with a kinematic model of

the robot but to allow the radii of the two wheels to

be parameters which can be estimated online. Even

though the actual values of the two wheel radii are

not (signi�cantly) di�erent the actuator mismatch is

e�ectively modeled using them as parameters. Once

the two radii parameters are learned they are used as

base values in the other �lters. The �rst �lter in the

bank uses two measurements from the wheel encoders,

a chassis yaw rate and a kinematic model of the robot.

This is called the base or nominal �lter and it uses the

learned radii values as constants in its design making it

a good predictor of the nominal behavior of the robot.

The second and third �lters were each built with an

embedded fault model. Filter two in the bank uses a

reduced value for the left wheel radius as a model for

a 
at tire fault on the left wheel. Filter three in the

Figure 1: The Pioneer I

bank uses a reduced value for the right wheel radius

as a model for a 
at tire fault on the right wheel.

In the experiments performed two faults are

examined. The �rst (referred to henceforth as

right-tire-flat) is a decrease in the radius of the

right tire. The second fault (referred to henceforth

as periodic-bump) was created by attaching a small

object to the left wheel of the robot. A data stream

from the robot sensors with these faults absent at �rst

and present subsequently is used to to illustrate the

response of the three �lters. The rest of this paper

is organized as follows: �rst the robot model and the

�lter residuals are presented. A block level view of

the fault tolerant architecture is then discussed. This

is followed by a summary of the experimental results,

conclusions and a discussion of future work.

2 Robot Model

The Pioneer I used for experiments is a three

wheeled robot shown in Figure 1. The front two wheels

are actuated independently thereby enabling di�eren-

tial steering. The rear wheel is a passive castor. The

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

vL = rL
_�L vR = rR

_�R (1)

_� =
vR � vL

a
vtot =

vR + vL

2
(2)

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

rotational speeds of the left and right wheels are de-

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

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

The 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 signature

of the Kalman �lter and fault identi�cation by hav-

ing a particular �lter respond to its matching failure
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Figure 2: The Robot Kinematics

with minimal measurement residual. In the experi-

ments reported here the measurement vector is com-

posed of the two rotational speeds of the left and right

wheels and the yaw rate of the chassis. The estimated

measurement vector is denoted by ẑ, the actual mea-

surements 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 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. The second stage of the proposed

work is fault diagnosis. In the current work we are

able to diagnose one fault apart from the other rather

trivially since one of the �lters designed minimizes the

residual for a particular fault.

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

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

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

same set of kinematic equations (with di�erent param-

eters) is used in both �lters. All three �lters used in

the experiments reported here fall into that category.

If the �rst entry is unequal the two �lters have dif-

ferent kinematic equations of the system. Each �lter

produces a residual rij. The nominal model results
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Figure 3: Failure Detection and Identi�cation

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 fail-

ure spontaneously disappears or a new failure appears.

A small portion of this scheme (a bank of three �lters)

is implemented here.

In the scheme proposed here the key insight is

to use a bank of estimators. The fault detec-

tion/identi�cation depends on the correct selection of

the state estimator with the minimal residual. This

estimator is the one which assumes currently sound

knowledge of the system description, i.e. it has incor-

porated 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 failures. Thus it is capable of dealing

with scenarios that in other schemes might be consid-

ered 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.
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Figure 4: Each column of �gures above shows the three residuals for the nominal �lter (which has no failure

model). The left column shows the residuals for the right-tire-flat fault. The right column shows the residuals

for the periodic-bump fault.

4 Experimental Results

In the experiments reported here, two faults were

considered and three �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. Each of the three �lters used the three

component measurement vector given in Equation 3

thus producing a three component residual vector.

Consider Figure 4. These are the residuals from the

nominal �lter (which has no failure model). The left

column shows the residuals for the right-tire-flat

fault. The right column shows the residuals for

the periodic-bump fault. In the case of the

right-tire-flat fault there is no observable change

in the �rst two components of the residual since the

(angular) rotational speeds of the wheels do not de-

pend on their radii. However the vehicle does begin

to yaw as seen by the yaw rate residual which jumps to

a mean value well below zero at t = 6 s when the fault

occurs. In the right column of Figure 4 one sees the

residual response to the periodic-bump fault on the

left wheel. The rotational velocity of the left wheel as

well as the yaw rate residual respond with oscillations

of large amplitude.

Consider the graphs shown in Figure 5. As be-

fore, the left column shows the residuals for the

right-tire-flat fault and the right column shows

the residuals for the periodic-bump fault. The �l-

ter is however tuned to the right-tire-flat fault

and this is immediately seen in the yaw rate resid-

ual of the left column - the residual is high before the

fault occurs (t < 6 s) and drops sharply to zero as

soon as the fault occurs signaling the identi�cation of

this particular failure. The �lter is not tuned to the

periodic-bump fault but the residual signature clearly

shows that the fault occurs at t = 6:5 s. The yaw rate

residual switches from a steady bias of approximately

0.25 rad/sec to a high amplitude oscillation.

Lastly, consider Figure 6. The residuals in this �g-

ure are from the �lter tuned to the fault where the

left tire goes 
at. This fault was not considered in

the experiments. The �lter residuals are again sensi-

tive to both faults as seen in both the left and right

columns. However in neither case is the �lter able to

bring the residual back to zero. This �lter would be

be able to zero out the residual (and thereby identify)

for the case where the left tire goes 
at.

In the examples given here the failure identi�ca-

tion is done very simply using thresholding. Also



the residual signature for the �lter tuned to the

right-tire-flat fault is distinctive. So the prob-

lem of detecting which fault has occurred is easily au-

tomated. Ideally one would like to design �lters for

every fault so that after a fault has occurred there is

at least one �lter whose state estimate is reliable and

can be used for control. In this work we relax that

condition.

5 Conclusion and Future Work

In this paper a multiple model based technique to

detect and identify faults in mobile robotic systems

was presented. The technique is based on using a bank

of Kalman �lters in parallel. Detection and identi�-

cation of faults is done by analyzing the signature of

the residual produced by each �lter. In this paper we

showed the application of this methodology to the case

of a Pioneer I robot. Two faults were considered. The

�rst was a 
at tire and the second was an object stuck

on the tire. The bank of �lters was able to detect each

of the two faults as evidenced in the residuals. Further,

the 
at tire fault is distinguishable by the low residual

in the �lter tuned to this particular fault. Without

doing sophisticated residual analysis we are able to do

detection and identi�cation of two faults. It should be

noted that the architecture presented here is gener-

alizable to more faults and increasingly sophisticated

�lters and residual postprocessing. The method can

easily be applied to other 3-wheeled mobile systems

because it relies on a simple kinematic description.

In the future we plan to concentrate on these issues

as well as sensor failure, actuator failure and other

mechanical failures. Recovery from failure by alter-

ing the control strategy is also the subject of future

work. The easiest (and least autonomous) solution is

to stop, 
ag a fault and await human help. Other

strategies include making guarded motions, changing

the covariance matrices that characterize the sensors

or switching to an entirely new control methodology.
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Figure 5: Each column of �gures above shows the three residuals for the �lter which is tuned for the right

tire 
at model. The left column shows the residuals for the right-tire-flat fault. The right column shows

the residuals for the periodic-bump fault.

0 10 20 30 40 50 60 70 80 90 100
−1

−0.5

0

0.5

1

1.5

Time (0.1 sec)

Lef
t wh

eel 
rota

tion
al v

eloc
ity  

res
idua

l (ra
d/se

c)

0 20 40 60 80 100 120
−2.5

−2

−1.5

−1

−0.5

0

0.5

1

1.5

2

Time (0.1 sec)

Lef
t wh

eel 
rota

tion
al v

eloc
ity  

res
idua

l (ra
d/se

c)

0 10 20 30 40 50 60 70 80 90 100
−1

−0.5

0

0.5

1

1.5

Time (0.1 sec)

Rig
ht w

hee
l ro

tatio
nal 

velo
city

  re
sidu

al (
rad

/sec
)

0 20 40 60 80 100 120
−2.5

−2

−1.5

−1

−0.5

0

0.5

1

1.5

2

Time (0.1 sec)

Rig
ht w

hee
l ro

tatio
nal 

velo
city

  re
sidu

al (
rad

/sec
)

0 20 40 60 80 100 120

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

Time (0.1 sec)

Yaw
 rat

e re
sidu

al (
rad

/sec
)

0 20 40 60 80 100 120

−0.4

−0.2

0

0.2

0.4

0.6

0.8

Time (0.1 sec)

Yaw
 rat

e re
sidu

al (
rad

/sec
)

Figure 6: Each column of �gures above shows the three residuals for the �lter which is tuned for the left

tire 
at model. The left column shows the residuals for the right-tire-flat fault. The right column shows

the residuals for the periodic-bump fault.


