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4-mecanum wheeled mobile robot actuator fault detection & isolation

using unknown input observer-based approach

Samia MELLAH1, Guillaume GRATON1,2, El Mostafa EL ADEL1, Mustapha OULADSINE1 and

Alain PLANCHAIS3

Abstract— This paper proposes an approach for actuator
fault detection & isolation (FDI) in a four mecanum wheeled
mobile robots (4-MWMRs). The approach is based on a bank of
unknown input observers (UIO) for linear parameter varying
(LPV) systems. The FDI is challenging by considering faults
with small amplitude and measurements with noise. Added to
that, and considering the robot closed-loop control, the faults
are compensated and they cannot be detected without a robust
FDI algorithm. The objective is to detect and isolate actuator
faults before the robot closed-loop deteriorates and leads to an
unacceptable extent.

keywords: 4-mecanum wheeled mobile robot, dynamic
model, actuator faults.

I. INTRODUCTION

Mobile robots, thanks to their capability of replacing

humans to achieve hard and repetitive tasks of handling

and transportation, become a subject of high interest in the

industrial application domain as well as in the scientific

research area.

Mainly, there is two different classes of mobile robots.

A robot is called ”nonholonomic” when the number of its

controllable degrees of freedom (DOFs) is less than the total

DOFs. For example, unicycle and car-like mobile robots are

limited to only two DOFs in a planar surface. It is called

”holomic” when the number of its controllable DOFs is equal

to the total DOFs, e.g. omnidirectional robots have three

DOFs in a planar surface (i.e, translation along x and y axes

and rotation along z axis of the inertial frame) [1].

Omnidirectionality is the ability of reaching any config-

uration from any initial position without having to change

the orientation angle. This property is obtained thanks to the

omnidirectional wheels structure.

The concept of omnidirectional wheels is based on a

central wheel with free rollers mounted at an angle around

the periphery of the wheel. Depending on the rollers type

and their inclination angle, several types of omnidirectional

wheels are distinguished [2], [3]. ”Mecanum wheels” is one

of them with spherical rollers placed at an angle of 45◦ to

the wheel hub circumference (see Fig. 1). More details can
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be found in [4]. According to [5], robots with mecanum

wheels are more appropriate for carrying heavy goods in

the industrial environment. This work is focused on four-

mecanum wheeled mobile robots (4-MWMR).

Fig. 1: Mecanum wheel design.

A. Problem description

This work is a part of the European project PRODUC-

TIVE4.0, with an application in STMicroeletronics, Rousset-

France, a semiconductor manufacturing company. In order

to modernize its fabrication facility (fab), STMicroeletronics

planes to use 4-MWMRs to transport products from an

equipment to another.

Although the mobile robot ability of replacing human

operators in industry applications to perform difficult and

repetitive tasks quickly, efficiently, and without getting tired,

they are unfortunately like all embedded systems, subject to

faults.

A fault is defined as a non-permitted deviation of at least

one characteristic property of a variable from an acceptable

behavior [6]. Depending on the system, the presence of

a fault can lead to the system performance deterioration,

system instability, or even to the loss of the entire system.

According to [7], [8], a fault can be additive or multi-

plicative. It can be abrupt, intermittent, or even incipient [8].

Generally, faults can appear at three levels: system level,

actuator level, or even sensor level. This work deals with

actuator faults, where different types can be defined such as:

• Saturation: when it is highly solicited, the actuator stays

stuck at the maximal value, uexecuted = umax.

• Drift: actuator efficiency is deteriorated with time due

to wear, uexecuted = ucalculated − αt.
• Loss of efficiency: gain factor changed on the actuator

function, uexecuted = βucalculated, β < 1.

B. Generalities

For security reasons, it is highly important to detect and

isolate autonomously the internal faults before malfunctions



or failures. In the literature, two main classes of FDI ap-

proaches can be distinguished: data-driven methods, and

model-based methods [7]. Data-based methods require a

collection and manipulation of a large quantity of data, while

model-based methods require generally the system physics

knowledge. In our case, due to the lack of data, model-based

approaches using the system mathematical model are a good

compromise for FDI.

Residuals are the difference between the system calculated

inputs or measured outputs and their estimations using sev-

eral methods (parity-space, observers, ...) [7]. Ideally, in the

absence of faults, all the residuals are equal to zero. Whereas

in the presence of a fault, residuals that are sensitive to it go

away from zero. In real applications, the fault is not the only

reason which makes residuals different from zero because

systems can be subject to disturbances and noises. Hence, the

FDI algorithms should be designed to be, as less as possible,

sensitive to noise and disturbances.

In this work, the robot evolves in an environment where

only obstacles can disturb its predefined trajectory tracking

(i.e, no wheel slippage, no friction, no slopes, ...). Moreover,

obstacles are taken into account in the robot navigation.

Thereby, they are not considered as disturbances. So, the

robot is assumed to be subject to sensor noises only. Gener-

ally, two main steps are basically used to reduce the noise

effect on residuals and deal with false alarms [7]:

• Residual filtering.

• Residual statistical testing, by imposing thresholds. In-

deed, when a residual exceeds its predefined thresholds,

it is tuned to be different from zero.

Thresholds can be fixed or adaptive [9]. Adaptive ones

are dedicated to systems subject to uncertainties and distur-

bances. Therefore, fixed thresholds are used in this work.

C. Some related works

In [10], a survey of fault diagnosis and fault tolerant

control for wheeled mobile robots (WMR) is proposed. Some

model-based techniques used in WMR FDI are summarized

in [11].

Many approaches are proposed to detect and isolate WMR

sensor faults. In [12] a bank of Kalman filters (KF) is used.

Authors in [13] propose to combine a KF bank and an expert

system. In [14], a KF based on the identification technique

is used to deal with the fault isolation issues.

On the other hand, WMR actuator faults, although their

importance, are not widely studied. In [15], a methodology

using a structural analysis-based technique is proposed to

detect a unicycle mobile robot actuator faults, while in [16],

authors propose to combine a KF and hardware redundancy

to detect and isolate both of sensor and actuator faults in an

unicycle mobile robot.

Regarding 4-MWMR, authors in [1] propose a fault tol-

erant control to compensate actuator faults. The proposed

method seems to be efficient, but the FDI technique is

not detailed. The work is based on assuming that the FDI

procedure is done by a robust algorithm without giving more

details. Recently, an approach based on using KF is given in

[17] to detect and isolate both of sensor and actuator faults

in a 4-MWMR. The obtained results are satisfying, but only

additive faults are considered and the methodology is given

by assuming to have the possibility of measuring the angular

velocity of all wheels adding to x and y positions and the

rotation angle. Moreover, the robot closed-loop control is not

taken into account in simulations.

D. Main contribution

This paper aims to detect and perfectly isolate a 4-MWRM

actuator faults with only four available measurements: x and

y positions, the rotation angle and velocity.

The FDI is challenging considering the studied fault

amplitude. Taking into account the robot closed-loop, and

when a small fault amplitude appears in one actuator level,

it is compensated via the control law by soliciting more the

other actuators. Thereby, the fault effect is not remarkable on

the robot behavior. But if the latter persists, the rest of healthy

actuators are highly solicited, and they risk to saturate. This

can lead to the robot instability or non-controllablility, which

represents a real risk for human operators in the fab.

For security reasons and for avoiding the loss of the robot

while operating, any fault must be detected and isolated as

soon as possible, before the robot closed-loop deteriorates to

an unacceptable behavior.

Under an actuator fault, the executed input is different

from its calculated input. Executed inputs estimation and

their comparison with the controller outputs (calculated in-

puts) allows to detect when there is an abnormality. Indeed,

when the comparison result (residuals) are different from

zero, a fault is detected.

Taking into account the system characteristics, unknown

input observer (UIO) for linear parameter varying (LPV)

systems [18] is proposed in this work. The aim is to estimate

actuator executed inputs, which are assumed to be unknown,

and compare them with the calculated ones to detect and

isolate internal faults without any human intervention. Sim-

ulation results show that this method is very promising.

The outline of this paper is as follows: in the upcoming

section, the mathematical model and the closed-loop control

of a 4-MWMR are given. Then, the UIO for LPV systems

theory is described. Next, the residual generation principle

for actuator fault FDI is exposed, and simulation results are

given, followed finally by a conclusion and perspectives.

II. 4-MWMR MODEL & CLOSED-LOOP CONTROL

Fig. 2 shows a 4-MWMR geometry. It is assumed that the

robot is placed on a plane surface where (O,−→x ,−→y ) is the

inertial reference frame and (G,−→xR,
−→yR) is a local coordinate

frame fixed on the robot at its center of mass G.

A. Mathematical model

To consider the robot dynamic model, the following as-

sumptions are made:

• Disturbances are neglected thanks to the robot evolving

environment.

• Four measurements are available: x and y position

provided by a positioning system, rotation angle θ



Fig. 2: Geometry of a 4-mecanum wheeled robot.

returned by a gyroscope, and the rotational velocity θ̇
provided by a gyrometer.

• Measurement noises are modeled by taking into account

sensor accuracy.

Table I below summarizes the notations used throughout

this article (see Fig. 1).

Variable Description & unit

x, y
θ
lx
ly
l = lx + ly
Rw

(ẋ, ẏ),(ẋR, ẏR)

(ẍ, ÿ),(ẍR, ÿR)

θ̇, θ̈
Iz
m
τi

Robot position along x-axes and y-axes (m).
Robot orientation angle (rad).
Half distance between front or rear wheels (m).
Half distance between front and rear wheels (m).

Wheel radius (m).
Linear velocities (m/s) in the inertial and local
reference frame respectively.

Linear accelerations (m/s2) in the inertial
and local reference frame respectively.

Rotational velocity (rad/s) / acceleration (rad/s2).

Moment of inertia of the platform (kg.m2).
Robot overall mass (m).
Applied torque to each wheel i (N.m).

TABLE I: Robot nomenclature

1) Dynamic model: Neglecting the model uncertainties

and frictions, the dynamic model is given in the robot local

frame by the following equations: (see [19] for more details)






























ẍR =
1

2mRw

(τ1 + τ2 + τ3 + τ4)

ÿR =
1

2mRw

(τ1 − τ2 + τ3 − τ4)

θ̈ =
l

2IzRw

(τ1 − τ2 − τ3 + τ4)

(1)

This model can be expressed in the inertial reference frame

(O,−→x ,−→y ) using the following transformation matrix: [1]




ẋ
ẏ

θ̇



 = R(θ)





ẋR

ẏR
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 , R(θ) =





cosθ −sinθ 0
sinθ cosθ 0
0 0 1



 (2)

2) Continuous-state space representation: Using (1) and

(2), the robot model is given as follows:
{

Ẋ = AX +Bθu
Y = CX + w

(3)

where X = [x, y, θ, ẋ, ẏ, θ̇]T , u = [τ1, τ2, τ3, τ4]
T and

w denotes the sensor noises, assumed to be uncorrelated

Gaussian white noises with known variances linked to the

sensors accuracy. By considering a = 1
2mRw

, b = 1
2IzRw

,

c = cosθ, d = sinθ, it follows:

A =

















0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1
0 0 0 0 0 0
0 0 0 0 0 0
0 0 0 0 0 0
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=

[

0(3×4)

βθ

]

(4)

B. Closed-loop control

Using a feedback linearizing control [20] to track a prede-

fined robot trajectories, (3) can be controlled by introducing

Y = X = [x, y, θ]T . The second derivative Ẍ is a linear

expression of u with varying parameters given by (4). By

introducing v as v = βθu, it follows:

Ÿ = Ẍ = βθu = v

Then, using a pole placement method [20], the control law

is given by:
{

v =
∑n−1

i=0 ai(Y
i
ref − Yi) + anY

n
ref

u = β†
θv

(5)

where Yi corresponds to the ith derivative of (Y0 = Y), Y i
ref

the ith derivative of the reference trajectory, β†
θ the pseudo-

inverse of βθ such that βθβ
†
θ = I , the identity matrix. The

polynomial coefficients ai ∈ R are chosen such that the poles

of polynomial P defined as P (s) =
∑n

i=0 ais
i are with non-

positive real parts. In this work, n = 2.

III. UNKNOWN INPUT OBSERVERS FOR LPV SYSTEMS

APPLIED TO 4-MWMR

In order to detect and isolate an actuator fault, a strategy

is to build an observer bank by isolating the inputs one by

one and considering them as an unknown inputs. From (3),

Bθu can be written as Bθu+Dθd, (3) becomes:
{

Ẋ = AX + Bθu+Dθd
Y = CX + w

(6)

where u is a (3× 1) input vector assumed to be known, Bθ

its control matrix, d one of the four inputs (scalar) assumed

to be unknown and Dθ its control vector.

Based on [18], the UIO associated to (6) is given by:






Ż = NθZ +Gθu+HθY

X̂ = Z − EθY

Ŷ = CX̂

(7)



Note that matrices Nθ, Gθ, Hθ, and Eθ are not constant,

and their variation depends on the orientation angle θ. Let’s

define the state estimation error as follows:

e = X − X̂
= X − Z + EθY
= (In + EθC)X − Z
= PθX − Z

(8)

The time derivative of the estimation error is given by:

ė = PθẊ + ṖθX − Ż

= Nθe+ (PθA−NθPθ −HθC + Ṗθ)X

+(PθBθ −Gθ)u+ PθDθd (9)

The UIO exists for the system (6) if e → 0 when t → ∞.

So, following conditions must be satisfied:

• Nθe is asymptotically stable

• PθA−NθPθ −HθC + Ṗθ = 0
• PθBθ −Gθ = 0
• PθDθ = 0

Also, note that these two following necessary conditions

[21] are satisfied by taking into account the four measured

outputs cited previously:

• The rank condition rank(CDθ) = rank(Dθ).
• The pair A1, C must be observable, where

A1 = (APθ + Ṗθ)−Dθ[(CDθ)
TCDθ]

−1(CDθ)
TCA

Finally, the unknown input d can be estimated using the

following equation [21]:

d̂ = (CDθ)
†[
˙̂
Y − CAX̂ − CBθu] (10)

IV. FAULT DETECTION & ISOLATION

As said before, a bank of UIO is used for the FDI. Gen-

erally, there are two bank of observer structures: generalized

observer structure introduced by Frank [22] and dedicated

observer structure introduced by Clark [23]. In generalized

observer structure, each observer has as input all the system

outputs and inputs except one input. Hence, each observer

is sensitive to all actuator faults except one. Whereas in

dedicated observer structure, each observer inputs consist on

all the system outputs with only one input. Thereby, each

observer is sensitive to only one actuator fault.

A. Residual generation

In this work, a generalized observer structure is used.

When a fault appears, it affects the system outputs. Thereby,

using the system outputs as an input of all bank observers,

the unknown inputs, corresponding to uexecuted in Fig. 3,

are estimated with fault.

As shown in Fig. 3, the aim is to use Observeri (i =
1, ..., 4) to estimate the input ui which is not given in the

observer input. Then, by comparing the system calculated in-

puts (controller output) and the estimated ones, four residuals

are generated as follows:














r1 = u1 − û1

r2 = u2 − û2

r3 = u3 − û3

r4 = u4 − û4

(11)

Fig. 3: Generalized observer structure.

As mentioned before, fixed thresholds are used for the

fault detection. Since the sensors accuracy are known (i.e,

the measurement dispersion around the real value), the

thresholds are fixed using three sigma method [24].

So it is assumed that the case when a residual value is

in the interval of the three sigma values, corresponds to a

no-fault case. In parallel, when a residual exceeds its higher

or lower predefined threshold (i.e, it leaves the healthy state

values interval), a fault is detected by assigning the decision

residual to 1.

It is important to precise that by taking an interval of three

sigma, only 99.97% of values are saved. The rejected ones

(0.03%) may be considered as faulty information, and hence

lead to detect false alarms.

The decision algorithm must be robust against false alarms

detection problem. For that, the decision residuals Ri are

turned into 1 if and only if the predefined thresholds are

exceeded more than N consecutive times (see (12)). The N
value is determined experimentally.

Ri(k) =







1 if (ri(j) < −rth,i or rth,i < ri(j)),
∀j ∈ [k −N + 1, k]

0 otherwise
(12)

where rth,i is the threshold associated to residual i.

B. Residual signature

By taking into account the robust decision algorithm,

decision residuals have the following signatures under the

considered faults (see Table II below). Ai denotes the ith
actuator fault.

P
P
P

P
PP

Residuals
Fault

∅ A1 A2 A3 A4

R1 0 1 0 0 0

R2 0 0 1 0 0

R3 0 0 0 1 0

R4 0 0 0 0 1

TABLE II: Decision residual signature under actuator faults

As seen in Table II, the fact of using a bank of UIO allows

not only to detect actuator faults, but also to perfectly isolate

them.



V. SIMULATION RESULTS

The robot physical parameters are given by the following

values: m = 390 kg, Rw = 0.125 m, lx = 0.1825 m, ly =
0.28 m, and Iz = 50 kg.m2. Measurement noises take into

account the sensors accuracy given by: x and y positions

are provided by the positioning system with an error of ±5
mm, while the gyrometer and the gyroscope sensors provide

measures with an error of ±0.5◦ and ±0.3◦/s respectively.

As mentioned in section I.A, actuator faults can appear

under three different types: saturation, loss of efficiency and

drift-like faults.

In this work, the robot evolves in an environment contain-

ing human operators. So for security reasons, it moves with

a low velocity. Hence, saturation faults are assumed not to

happen. Therefore, only actuator loss of efficiency and drift

faults are studied. In the following, simulation results for

different actuator fault types and amplitudes are presented.

In Fig. 4, residuals ri and their thresholds are drawn to

illustrate the FDI principle. In the absence of faults, all the

decision residuals are set into 0 although the presence of

some residual values that exceed the fixed thresholds. The

decision algorithm is robust against these false alarms.
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Fig. 4: Residuals in the absence of faults.

For clarification reasons, the upcoming figures contain

only residuals being sensitive to the simulated faults. Other

residuals are still close to zero, so they are not plotted.

Fig. 5 illustrates an FDI on the first wheel actuator (see

Fig. 2). The simulated fault is a drift representing the actuator

wear with respect to the time defined by: u1,executed = u1−

α(t − ta) (see Fig. 3), where α is proportional to u1 and

equals to α = 2.5e−5u1, t is the current instant and ta is

the fault apparition instant. The fault is simulated at 6s and

it is detected and isolated at 13.3s.

In Fig. 6, a fault is simulated in the second wheel actuator

level (see Fig. 2). The fault represents the second actuator

loss of efficiency and it is given as follows: u2,executed =
(1 − β)u2, β = 2e−3. As seen in Fig. 6, the fault, which

represents a loss of just 0.2% of the control value, is

0 5 10 15 20

Time[s]

-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

r 1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Resiudal r
1

Decision residual R
1

Thresholds

Fig. 5: Actuator 1 FDI.

simulated at the instant 36s and detected & isolated at the

instant 36.6s.
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Fig. 6: Actuator 2 FDI.

Fig. 7 illustrates the detection and isolation of a fault

simulated at the third wheel actuator level (see Fig. 2). The

fault represents a loss of efficiency: u3,executed = (1−γ)u3,

γ = 1e−3. The latter is detected and isolated 6s after its

apparition, despite it represents a loss of only 0.1% of the

actuator efficiency.
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Fig. 7: Actuator 3 FDI.

Finally, in Fig. 8, a fault representing a drift of the fourth

actuator is simulated. It is done as follows: u4,executed =
u4 − ζ(t− tb), ζ = 1e−4u4, t is the current time and tb the

fault apparition instant. The fault is simulated at 30s and the

FDI is done at 31s.

Note that in the simulated results, sometimes the fault

is detected then not despite its permanent presence, then

detected again. This is due to the fact that the simulated

faults are proportional to the actuator control values. Hence,

when an actuator is not solicited, its fault can not be seen

despite its permanent presence.

VI. CONCLUSION & PERSPECTIVES

In this paper, a fault detection & isolation (FDI) problem

regarding actuator faults in a four mecanum wheeled mobile
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Fig. 8: Actuator 4 FDI.

robot (4-MWMR) is studied. The proposed approach is based

on using a bank of unknown input observers (UIO) for linear

parameter varying (LPV) systems. The FDI is challenging re-

garding the studied fault amplitude and measurement noises.

Since these small amplitude faults are compensated by the

robot closed-loop control, they cannot be seen without a

robust FDI approach. The closed-loop compensation is based

on soliciting more the not faulty actuators when a fault

appears in one actuator. This presents a high risk when the

fault persists and the healthy actuators are saturated. In this

case, the closed-loop control performance will deteriorate

causing the robot instability. The proposed approach is very

efficient. Despite the presence of measurement noises, and

the faults small amplitude, the latter are detected and isolated

just few seconds after their apparition. The simulation results

are very satisfying. It is planed to apply the approach on a

real 4-MWMR to validate it experimentally.
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