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Abstract
One of the most promising technology in industries is undoubtedly the independent cart conveyor system.
It tries to replace induction motors and kinematic chains in several applications, especially in the field of
automatic packaging machines. The independent cart conveyor system is made up of several induction linear
motors. The carts are connected to the frame through a series of rollers, the bearings of which are subject to
wear. In a previous paper the authors developed a theoretical model of the expected vibration signal from a
faulted bearing, taking into account several design parameters. In this paper, the model is updated thanks to a
new formulation of amplitude modulation effect and it is validated on the basis of an experimental campaign
on a specific test-rig, where a bearing was artificially damaged on the external ring (the moving one). Finally,
experiments have been used to validate the model in different configurations, proving the effectiveness of the
proposed model and paving the way for future diagnostics of the independent cart conveyor.

1 Introduction

Independent Cart Conveyor System is an emerging technology in the automation field. It is an intelligent
transport system based on modular linear motors [1], which mainly consists of two components: modular
stators and several carts containing permanent magnets. The modular stators contain coils and in some cases
also drives, they have different length and different shapes (linear and curved with different angles). They can
be connected in different ways in order to develop machines with different shapes and functionalities. The
carts are placed along the motors and they are connected, through rolling bearings, to a rail set on the motors
themselves. They are directly moved through variable magnetic fields produced by the stators. Each cart
contains an encoder flag that can be a Hall sensor or a tag, which allows the position and velocity feedback.
The carts can be freely moved since they do not depend on one another, thanks to this function it is possible
to change the distance and the velocity among the carts during the execution of the tasks; moreover, they
can be moved back and forth. The carts can have high dynamics (e.g. they can reach a speed of 4 m/s) and
they can have different shapes depending on the function they must execute. They can be used in CNC and
robotic applications since the positioning of each mover is accurate.
The most important automation companies [2, 3, 4] produce this system in versions that differ from one
another in maximum payload, maximum current, drivers architecture, programmable environment etc.

This technology can be used for the most typical functions of automatic machines, such as pick and place,
cutting, stripping, screwing etc. The advantages in the use of Independent Cart Conveyor System are multi-
ple [5]: high flexibility in the layout of the machine and in the functionality of the system, reduction of cycle
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Figure 1: Beckhoff XTS independent cart system with 12 carts.

time and downtime.
The flexibility of the layout is obtained thanks to the modular stators, which allow the optimization of the
machine and the reduction of the footprint of the system. The functional flexibility is ensured by the indepen-
dent control of each cart. De facto, it is possible to dynamically adapt the functionality of the system to the
process only by means of the software implementation and without any mechanical changes. For example,
it is possible to work with products that have different shapes by defining a different motion profile for each
cart or the independent cart system can dynamically change its velocity with respect to the change of the
production rate.
This is not possible with the traditional motor-driven chains, belts and gears because in order to change the
functionality of the machine it is necessary to design different mechanical links for every type of product and
rate of production.
The reduction of cycle time is due to the possibility of defining an optimized motion profile for every single
product, while in chain, belt and gear drivers the possible motion profiles are reduced by the high number of
physical constraints of mechanics.
The other important advantage lies in the reduction of the downtime of the machine. De facto, with the Inde-
pendent Cart Conveyor System it is not necessary to stop the machine for mechanical changes when there is
a variation in the product because the end-effector is fixed to each cart and so it is only necessary to change
the motion profiles of the carts. On the contrary, with the chain, belt and gear system it is necessary to stop
the machine for the change of the mechanical parts so the downtime of the system increases.
Independent Cart Conveyor System can present the following problem: a high number of carts require a high
number of rolling bearings. Consequently, the possibility of a bearing fault due to the infant mortality and
wear of the components increases significantly.
Condition monitoring strategies are necessary to overcome this problem and increase the reliability of the
system. Several condition monitoring methods are capable of monitoring the health state of the bearings and
the future conditions of the system while it is working [6, 7, 8, 9]. The most used strategies in the bearing
diagnostics are based on the vibration analysis of the system [10]. There are several vibration analysis tech-
niques, such as statistical analyses [11], frequency domain analyses [10], time-frequency analyses [12, 13]
and machine learning algorithms [14].
All these techniques need historical data in order to define the standard condition vibration signature of the
system necessary to identify the possible changes due to a fault development [15, 16, 17, 18] or to define
learning patterns for machine learning algorithms.
With the Independent Cart Conveyor System it is difficult to have historical data of the machine because of
the high number of the possible configurations of the system. De facto, systems can have different length
and shapes of the track, different geometry of the carts, different motion and load profiles and different types
and positions of the bearings. In order to overcome this problem, a model of the vibration signal produced
by a definite fault for a definite system configuration can be carried out. It allows to model all the possible
configurations of the system and with the simulated data it is possible to analyze fault vibration signature
and develop vibration thresholds and learning patterns even without any historical data.
This paper defines a generic flexible model of the expected vibration signals produced by different types of
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damages on bearings and tracks for different configurations of the Independent Cart System. Thanks to this
model, all geometric and dynamic variations in the possible system configurations are parametrized in order
to reduce the modelling time. By simulating only some components of the vibration signal, this model helps
to reduce the complexity of the analysis since it focuses only on certain types of fault. This is not directly
possible with experimental data in particular in the presence of strong masking signals caused by other ma-
chine components.
The disadvantage in the use of a simulated vibration signal lays on the fact that too simple model cannot
represent the main effects of the phenomena taken into consideration.
Several authors propose different models for the expected fault signals of bearings, especially as regards ro-
tary motors. McFadden and Smith [19, 20, 21, 22] have proposed to model the faulted bearing as an epicycle
gear where the outer ring is the annular gear, the cage is the planet carrier, the rolling elements are the planet
gears and the inner ring is the sun gear. The modulation of the vibration signal due to the loading cycle of
the elements is taken into account by Su et alt. [22]. Ho and Randall [23] have modelled the bearing fault
vibration as a single-degree-of-freedom system.
The model proposed in this paper is an extension of the theoretic one [24] based on the work of D’Elia [25].
The model has been extended to the signal of multiple bearings for localized and distributed faults. More-
over a more accurate load modulation based on Tomovic [26], slipping effects and lubricant effect have been
taken into consideration and the model has been tuned and validated with experimental data.
This paper is organized as follows: Section 2 describes the analytic models for bearing faults on linear mo-
tors; Section 3 is focused on the algorithm for the model implementation; Section 4 deals with experimental
results and model tuning in case of constant speed and variable velocity motion profile; Section 5 explains
the conclusions of the research.

2 Vibration model

The vibration signal produced by a fault in a rolling bearing can be modelled as the repetition of impact forces
due to the collisions between the faulted part and the other components of the bearing or of the machine. The
collisions excite resonance in the bearing and in the whole machine. The repetition of the impacts is due to
the geometry and the velocity of the bearing, while the amplitude of the vibration signal depends on the load
of the bearing, the position of its internal components and the wear state of the faulted part.
As shown below, the vibration signal of a localized fault is modelled on the basis of the reading of a sensor
placed on the bearing [25].

x(t) =
∞∑

i=−∞
h(t− iT − τi)q(iT ) + n(t) (1)

Where h(t) is the impulse response to an impact on the damage point, T is the interval between two con-
secutive impacts, q(t) represents the modulation due to the load distribution, τ represents the uncertainties
due to the random slipping of the rolling elements and n(t) is the system noise. The T interval between
two consecutive impacts depends on the type of damage. De facto, each type of fault produces a unique
frequency component that depends on the geometry and rotational frequency of the bearing [9].
Through the fault frequency of each type of damage it is possible to determine the T interval between two
consecutive damages. In case of fixed inner race, the fault frequencies are the following:

fouter =
n

2
fr(1− λcosβ) (2)

finner =
n

2
fr(1 + λcosβ) (3)

fball =
fr
2

1− (λcosβ)2

λ
(4)
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fcage =
fr
2

(1 + λcosβ) (5)

where n is the number of rolling elements, d is the ball diameter, D is the pitch diameter, β is the ball contact
angle and fr is the rolling frequency of the outer ring. In case of linear motors, there are other two types of
possible fault: - the damage on the fixed rail, the characteristic frequency of which is equal to:

• the damage on the fixed rail, the characteristic frequency of which is equal to:

frail =
v

l
(6)

where l is the distance between the damages along the rail and v is the linear velocity of the bearing.
If multiple bearings are installed on the same rail, the signal will be repeated according to the number
of moving components and the distance among them.

• the damage on the external surface of the bearing, the characteristic frequency of which is equal to:

fsurface =
v

πDout
(7)

where v is the linear velocity and Dout is the external surface diameter.

3 Model implementation

The motion profile of the cart moving along the track (constant or variable velocity profile), the characteristics
of the cart (center of gravity (COG) of the cart, position of the bearings, mass, etc.) and of the track (length,
shape) are the inputs of the model. The implementation of the expected vibration signal is based on (Eq. 1).
where the T interval between two consecutive impacts is considered as the distance of two fault points along
the motion profile of the cart.
In order to perform these operations, all the fault frequencies have been rewritten as the projection of two
consecutive fault points along the external surface of the bearing. This formulation allows to transpose the
fault frequency as a position variation of the bearing. In this way the damage of an element of the bearing is
directly correlated with the position of the bearing itself along the motion profile. For example, in the case
of a fault on the outer ring, it is possible to write (Eq. 4) as the projection of the fault on the external surface
of the bearing as follows:

∆pe =
2π

n
Dout

1

1− dcosβ
D

(8)

where ∆pe is the distance between two damages projected on the external surface of the bearing. In this way
each fault is defined as a series of equispaced impulses, but fault signals are not actually equispaced because
of the slipping of the mechanical components on the rail. In order to simulate the random slipping of the
mechanical elements of the bearing, for each ∆pe a random slipping factor r(t) with a mean equal to zero
and a standard deviation equal to 1/100 of the ∆pe is summed. This factor is represented as the τ element of
the uncertainties in Eq. 1. The load modulation q(t) on the bearings consists of two elements. The former
represents the variation of the load on the whole cart computed on the contact point of each bearing. This
modulation is due to the inertia of the cart, the variation of acceleration during the process, the mechanical
cams that are used in order to move the end-effector placed on the cart. This contribution is calculated for
each bearing with respect to the position of the cart along the motion profile.
The latter represents the load variation on the rolling elements of the bearing due to the rotation of the bearing
itself. It depends on the azimuth position of the rolling element and it can be computed by analyzing the
geometry and the contact deflection of the bearing. Like in Sjovall [27], this phenomenon is modelled as a
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modulating factor multiplied by the radial load on the bearing. The modulating factor is computed through
the Sjovall integrals Jr(t) and Ja(t), the computation of the load zone parameter ε , the axial load Fa and
radial load Fr as follows:

W (Ψ) = Wmax

[
1− 1

2ε
(1− cos(Ψ))

]t
(9)

where W (Ψ) is the load distribution, t = 3/2 for ball bearings (t = 40/37 or 10/9 for roll bearings) and Ψ
is the half load-zone angle and it is equal to:

Ψ(ε)

{
cos−1(1− 2ε) ε ≤ 1

π ε ≥ 1
(10)

While the maximum load of a rolling element Wmax is equal to:

Wmax =
1

Z

√√√√
(
Fr
jr

)2

+

(
Fa
ja

)2

(11)

where Z is the spare number. In this way for each angle it is possible to compute the load on the rolling
element.

The implementation of the model can be divided into 5 steps:

1. Define a vector S filled with zeros. It represents the expected vibration signal recorded by a sensor
placed on the moving cart. Each cell of the vector corresponds to a period of time equal to t = 1/fs
where fs is the sampling frequency of the sensor in Hz and t is the time period between two data read
by the sensor.

2. Resample the defined motion profile M(t) and the load vector q(t) at the same sampling frequency fs
of the sensor.

3. . Place 1 in the cells of vector S with index values defined by dividingM(t) by ∆pe+r(ti)+Rsum(t).
Rsum(t) is the sum of all the previous random factors r(ti). In this way the phenomenon of slipping is
taken into account along the whole motion profile.
The factor ∆pe + r(ti) + Rsum(t) is a rational number and its value may be between two samples of
the motion profile. Therefore an error is introduced and it depends on the sampling frequency fs (the
greater is fs, the lower is the error), but it is possible to compute for each division the correlate error
as below:

E(ti) = |M(ti)−∆pe,i| (12)

4. Weight the vector S with the vector of the load q(t) computed on the contact point between the bearing
and the rail. In the case of a fault on a rolling element q(t), it also includes the modulation of the
internal dynamics of the bearing.

5. . Filter vector S with the FFT-based model with overlap-add method by choosing the acceleration of
the impulse response of a SDOF system as filter coefficients. The generated response of the SDOF
system to a unit impulse in the time domain is:

xSDOF (t) =
F/m

ωd
e−ζωntsin(ωdt) (13)

where F is the amplitude of the external excitation,m is the system mass, ζ is the damping coefficient,
ωn is the natural frequency in [rad/s] and ωd = ωn

√
1− ζ2.
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Figure 2: Motion profile and vibration signal of the cart

Figure 3: Test rig: A) lateral picture of the mover along the straight motor B) Top picture of the mover on
the rail .

In the case of simulation of multiple faults on the same bearings, Step 3 has to be repeated for each fault.
The model takes into consideration multiple bearings, for this reason the five steps listed above have to be
repeated for each bearing. If a bearing has not any fault, the model considers the vibration signal produced
by the healthy bearing to be equal to the rotational frequency of the bearing itself.

4 Experimental Validation

This section describes the experiments carried out with an XTS, a type of Independent Cart Conveyor System
produced by Beckhoff Automation (Fig.1), in order to verify and validate the proposed model. The system
taken into account consists in seven straight motors, each of which is 250 mm long; they are connected to
each other in order to develop a straight path that is 1750 mm in length. A cart, connected to a lubricated
straight rail as in Fig.3 and Fig.4 by means of three rolling bearings, moves along the motors. An accelerom-
eter placed on the top of the cart measures all the vibrations along the vertical direction. For the tests the cart
follows a trapezoidal motion profile consisting of three zones: an acceleration zone, a constant velocity zone
and a deceleration zone. First the motion profile is executed by cart from the right to the left side and then
from the left to the right side (Fig2).

The test has been run with three different velocity of the cart along the constant velocity zone:

• 500 mm/s,
• 1000 mm/s,
• 1500 mm/s,
• 2000 mm.
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Table 1: Bearings dynamic parameters and dimensions

Model parameters
Bearing A/B Dout (mm) 21.2
Bearing A/B d (mm) 17.7
Bearing A/B D (mm) 5
Bearing C Dout (mm) 31.1
Bearing C d (mm) 4.30
Bearing C D (mm) 20
Bearing A/B/C number of spheres 7
Bearing A/B/C Sample frequency fs (Hz) 20E3
Bearing A/B/C SDOF spring stiffness k (N/m) 2E13
Bearing A/B/C SDOF damping coefficient ζ 5%
Bearing A/B/C SDOF natural frequency fn (Hz) 300

Figure 4: Cart architecture: A) Right bearing , B) Left bearing, C) bottom bearing E) Permanent magnets,
D) Encoder flag.

The tests have been carried out at the aforementioned velocities with two different configurations of the
mover (Fig.4). In the former all the bearings of the mover are healthy, in the latter bearing B is damaged on
the outer ring surface. Bearing dimensions are listed in Table 1.

The actual position of the mover and the vibration signal recorded along the vertical direction have been used
for the verification and validation of the model.

4.1 Healthy bearings

For the sake of brevity, Fig.5 shows the raw vibration data in the case of healthy bearings at the speed of
500mm/s with respect to the position of the mover along the rail. The vibrations recorded show that there
are some vibration hits along the rail. The vibration hits are in the same positions even at different velocities.
Some of them depend on the transition between two different motors, while the other ones depend on the
configuration of the rail that presents some discontinuities due to the assembly of the mechanical system. The
positions correlated to the vibration hits are shown in Fig.6 and the following ones are the most important:

• Rail discontinuity : 122 mm, 1500mm, 1624 mm ,
• Motor-to-motor transition : 700 mm.
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Figure 5: Vibration signal along constant velocity section at 500mm/s and 1500 mm/s

Figure 6: Vibration correlated to rail discontinuity and motor-to-motor transition

For each position of the rail discontinuity there are three vibration peaks: the highest two are due to the two
bearings mover (A and B) placed on the upper part of the mover, while the other one is due to the bearing
(C) placed on the lower part of the mover. The time distance between the highest peaks is correlated to the
distance between bearing A and bearing B that is equal to 26 mm, while the time distance between the first
highest peak and the low peak is correlated to the distance between bearing A and bearing C that is equal to
13 mm. The different amplitude depends on the position of the accelerometer placed on the top of the cart.
Fig.7 shows the simulated signal produced by the model with the computation of the three rail discontinuities
and the motor-to-motor transition in the same positions as the real ones.

Figure 7: Simulated vibration signal with rail discontinuity and motor-to-motor transition
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Figure 8: Real vibration signal at 500 mm/s with B bearing faulted

Figure 9: Comparison between the FFT of real and simulated data

4.2 Faulted bearing

Fig.8 shows the raw vibration data in the case in which the mover has a velocity of 1500 mm/s and the
bearing B has a fault on the outer ring. Even in this case the vibrations due to the rail variation and the
motor-to-motor transition are evident. Through Hilbert transform of the signal along the constant velocity
zone of the motion profile it is possible to find the frequency of the fault of the outer ring of the bearing at
different velocities.

The model considers the rail variation, the motor-to-motor transition, the fault frequency of bearing B and
it uses the real motion profile and the load profile of the cart as inputs. The FFT of the simulated vibration
are compared withe the real ones in Fig.9. In the time domain the two signals have a very similar signal
periodicity while there is a difference in the amplitude of the signal. However, the principal goal of the
model is to simulate the frequency components of the experimental signal correctly. Fig.10 compares the
Hilbert transform of the experimental data and the simulated data in which the theoretical fault frequency
of outer ring is equal to 64.18 Hz.In the simulated data the spectrum components of the controller position
loop, velocity loop, current loop and the duty cycle of the transistors are not present in the frequency spectrum
since the model is focused on the fault frequency of the system; however, they can be added.

5 Conclusions

The paper details a flexible model for the simulation of the expected fault vibration signal for the Independent
Cart Conveyor System.

The model allows to:
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Figure 10: Comparison between the Hilbert transform of real and simulated data

• Choose any shape of the rail track
• Use variable velocity and constant velocity profiles
• Use variable load profiles
• Simulate several bearings of different dimensions
• Simulate the most common damage of a rolling bearing along a linear rail
• Consider the resonance of the system
• Consider random contributions
• Consider the modulation of the load on the bearings.

The model has been validated through several experimental tests carried out with a Beckhoff XTS system
for a cart moving along a path made up of 7 straight motors. The simulated vibration signal has the same
fault frequency components and the same resonance frequency as the experimental data. The model could
be used to simulate a model of the vibration signal produced by a definite fault for a definite system configu-
ration. With the simulated data it will be possible to analyze fault vibration signature and develop vibration
thresholds and learning patterns even without any historical data.
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[26] R. Tomović, Calculation of the boundary values of rolling bearing deflection in relation to the number
of active rolling elements, Mech. Mach. Theory, Vol. 47, Elsevier (2012), pp. 74-88.

[27] H. Sjovall, The Load Distribution within Ball and Roller Bearings under Given External Radial and
Axial Load, TekniskTidskrift Mek., Vol. 9, (1933).

882 PROCEEDINGS OF ISMA2018 AND USD2018


