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Abstract

To strengthen a competitive position in the semiconductor industry, the key challenges a manufacturing plant
has to face are the increase of production throughput and yield. Monitoring health conditions of the semicon-
ductor machines is therefore necessary to secure the required product quality. Furthermore, effective prediction
of the failures of the semicon equipment is a way to decrease machine downtime, improve productivity, and
reduce production costs and repairing time.

In order to assess the health of a machine for predictive maintenance, condition indicators have to be obtained.
These are features of signals in the machine that change when the machine health decreases. These condition
indicators can be used to create a classification model that can detect and isolate faults in machine data.
The condition indicators are currently obtained based on domain-specific knowledge of the behavior of each
machine type. In order to determine condition indicators that are not machine-type specific, in this project
the feasibility of generic machine health condition indicators is investigated for machine condition monitoring
and health diagnostics that can be effective in different machine fault scenarios. For this purpose, the entire
workflow of processes ranging from obtaining machine data to classification model building is explored. The
effects of different fault scenarios on the system dynamics have been investigated. Also, it is studied what signal
features are the most sensitive to different fault scenarios. The most informative features are thus determined
and then used to create models for classification of the machine health and fault isolation using different
machine learning techniques. Predictive quality of these models is rigorously evaluated such as to select one
with the highest predictive performance. The type of system the analysis is performed on, is a wirebonder
machine. These machines create wired connections between integrated circuits and their packaging. The
resulting classification model for this system, which is created using a set of generic features, is capable to
isolate root-causes of several different machine faults. The different fault scenarios that are taken into account
in this research are the decrease in motor performance, an increase in friction, change of the resonances and
the presence of external disturbances.
Each step in the developed workflow and the selected fault scenarios are studied from a theoretical point of
view and worked out by modeling and simulation of several systems. Initially, a simple mass-spring-damper
model is considered to determine generic signal features that are the most informative with respect to several
different fault scenarios that are the most common in the bonding machines. The informativeness of the
extracted features is assessed using two techniques: the minimal redundancy maximum relevance algorithm
and the ReliefF algorithm. Correctness and sanity of the selected features are then benchmarked using a
simulation model and on experimental data from a physical wirebonder produced by the company ASM
Pacific Technology. This academic approach ensures a rigorous assessment of the choices made in every step of
the developed workflow. It also secures high performance of the machine health classification in the considered
simulation models as well as on the benchmark system.
This research is performed using the position error signal of the systems. Using this measurement signal, the
following signal features are identified as the most informative for the considered fault scenarios: variance,
skewness, kurtosis, RMS, largest Lyapunov exponent, approximate entropy, mean frequency and the magni-
tude of the two largest frequency peaks. Using these features, classification models have been created for both
the simulation models that outperform classification models with a much larger feature set including time-
frequency features such as wavelet features. Similar benchmarking is performed using a limited amount of
experimental data collected on a physical machine. That benchmarking shows a marginally lower predictive
performance of the resulting classification model with respect to the simulations. However, it is expected that
the performance can be increased by using more measured data for training and testing.

For future research, it is recommended to explore possibilities for further improvement of the predictive capa-
bility for fault isolation on the physical machine, including increasing the number of fault scenarios that can
be captured by the machine health classification model. The research should also address different types of
machines and focus on the remaining useful life estimation. In this way, the genericity of the machine health
condition indicators could further be enhanced, making this approach to fault isolation very appealing for
industrial application.
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Nomenclature

Symbol Property Unit

C(s) Feedback controller transfer function, from an input signal e to an output force u N/m

c Constant describing the abruptness of the change in the Coulomb friction -

d Damping coefficient Ns/m

e(t) Position error signal m

f Frequency Hz

fmean Mean frequency Hz

fmaxf Frequency with the highest power in a frequency spectrum of a given position signal Hz

fmaxI Magnitude of the frequency with the highest power in a frequency spectrum of a given
position signal

m2

F System input force N

Ffric Friction force N

FF (s) Feedforward transfer function, from the reference input r to the feedforward output force
u

N/m

g(t) Windowed time signal used in the wavelet transform s

H(s) Plant transfer function matrix of dimension 3x3, describing the responses x, y and z
corresponding to the input forces ux, uy and uz

m/N

Hxu(s) Plant transfer function in X-direction, describing the response x corresponding to the
input signal in X-direction u

m/N

I Power per frequency of a position signal m2/Hz

L(s) Open loop transfer function, computed as product of the transfer functions H(s) and
C(s)

-

k Spring stiffness N/m

K Expansion range in the calculation of the largest Lyapunov exponent -

m Mass kg

M Number of bins in the frequency signal -

N Number of samples in the discrete-time signal -

PS(s) Process sensitivity transfer function, describing the transfer from the disturbance signal
d to the output signal y

m/N

r(t) Reference trajectory m

R Radius of similarity in the calculation of the approximate entropy m

Ser(s) Sensitivity transfer function, describing the transfer from the reference signal r to the
error signal e

-

s Complex frequency (Laplace) variable -

t Time s

Ts Sampling time s

u(t) Plant input signal N

w(t) Disturbance force at the system input N

[X,Y, Z] Coordinates of the three-dimensional system space -

Y1:N Delayed reconstructions of a discrete time signal m

Y(1:N)∗ Nearest neighbors of the delayed reconstructions of a discrete time signal m

[x, y, z] System output position signals in X-, Y- and Z-direction m
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Symbol Property Unit

ȳ Mean value of signal y m

ykurt Kurtosis value of signal y -

ymax Maximum value of signal y m

ymin Minimum value of signal y m

yRMS Root mean square value of signal y m

yskew Skewness value of signal y -

γ Friction severity coefficient -

η Motor efficiency coefficient -

λ Lyapunov exponent -

µC Coulomb friction coefficient N

µv Viscous friction coefficient Ns/m

σ Standard deviation of a position error signal m

σ2 Variance of a position error signal m2

φ Scaling function for the wavelet scattering transform s

Φ Averaged natural logarithm of the number of within range data points in the calculation
of the approximate entropy

-

ψ Wavelet function s

ω Angular frequency rad/s

.
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Chapter 1

Introduction

The semiconductor industry is one of the most technology-evolving and capital-intensive market sectors. To
strengthen a competitive position in the semiconductor industry, the key challenges a manufacturing plant has
to face are the increase of production throughput and yield. Monitoring health conditions of the semiconductor
machines is therefore necessary to secure the required product quality. Furthermore, effective prediction of the
failures of the semicon equipment is a way to decrease the machine downtime, improve productivity, and reduce
production costs and repairing time. The company ASM Pacific Technology (ASM PT) is developing different
technologies related with predictive maintenance for the sake of increasing yield and up-time of its products.
Since the portfolio of ASM PT covers the entire back-end of the semiconductor industry, implementing pre-
dictive maintenance per application is time-, labor- and capital-intensive. Therefore, this research is aiming
towards a generic way to develop models for machine condition monitoring and health diagnosis. Being able to
implement predictive maintenance using a generic approach would minimize the required application-specific
knowledge and resources. Thus, this is highly relevant for the company and would be a large step towards the
implementation of predictive maintenance in the semiconductor industry and other fields.

In order to assess the health of a machine for predictive maintenance, condition indicators have to be obtained.
Such indicators are features of signals in the machine that change when the machine health reduces. Using such
condition indicators, the two main subjects of predictive and condition-based maintenance can be analyzed:
fault detection and isolation and the estimation of the remaining useful life. Using the extracted condition
indicators, a model can be created to classify the machine health. This study focuses on the process of fault
isolation. Knowledge of the type of fault present in a system can both improve the analysis of the severity of
this fault and enable optimal scheduling of the maintenance activities.
The conventional state-of-practice approach towards the obtaining of the machine health condition indicators
is first to get familiar with specific behavior of a particular machine type and then select the best suited
indicators based on domain specific knowledge. This, however, is far from ideal when implementing this on
numerous different machine types that are produced in large volume. The state-of-art studies in the field of
predictive maintenance also mainly focus on the application of different methods to specific systems [1]. The
state-of-art studies that research more generic methods to obtain condition indicators, such as wavelet-based
condition indicators or neural networks, are also only evaluated on individual situations [2].
For a wider deployment of machine health management technologies, it is desirable to achieve a more straight-
forward extraction of condition indicators from the machine data. The condition indicators should be sensitive
to different fault scenarios, with some characteristics specific to each scenario, such as to enable accurate clas-
sification of the machine health condition and fault isolation. The condition indicators should furthermore
be able to be used for fault detection in a wide scope of systems. Ideally, the indicators should not have to
specifically be selected and tuned for each individual machine. Being able to extract such generic condition
indicators would minimize the required application-specific knowledge and resources, making the implementa-
tion of predictive maintenance more feasible.

In order to answer the main research question ”How to obtain a classification model for the condition monitoring
and health diagnostics of wirebonder machines based on generic machine health condition indicators that are
applicable in different failure scenarios?”, several topics have to be addressed:

• How do fault scenarios affect the system dynamics? For a generic approach, it is required to understand
how different fault scenarios influence the system dynamics and figure out ways to measure and quantify
changes in their dynamics.

• What signal features are suitable to capture the fault scenarios in the machine signals? The ability of
these features to capture the dynamics of the reduced performance should be assessed from the analytical
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point of view in order to meet the genericity requirement.

• How can the best performing features be selected for the use of these features as condition indicators? For
an analysis of the suitability of the obtained features, feature reduction techniques should be researched
to analyze the informativeness of these features.

• What type of classification model is the best suited for the detection and isolation of the fault scenarios?
In order for the condition indicators to be used for predictive maintenance, classification models have to
be trained. Therefore, the best combination of the condition indicators and classification models has to
be obtained.

To answer the above stated questions and to achieve the main research objective of this project, a framework
is developed to extract generic condition indicators from a semicon wirebonder machine and then build a
classification model using machine learning technology for isolation of the root causes of the machine faults.
This framework covers the entire process towards fault isolation. The first step in this process is to evaluate
the effects of different fault scenarios on the system dynamics. In this research the most commonly occurring
mechanical failure scenarios encountered in ASM PT are studied. Based on this analysis, the theoretical
suitability of the different features is analyzed. In order for the features to be useful as condition indicators,
they have to be able to capture these fault scenarios. The results are verified first using a model of a generic
mass-spring-damper system model and then by evaluation on a multibody model of a wirebonder produced
by the company ASM PT. For the condition indicators to be generic, these indicators have to work in both
the generic model as well as in the benchmark wirebonder model. For the analysis of the performance of
the classification models using features extracted from both simulation models, the best suited classification
model is determined. Next, an analysis is performed on the informativeness of the features to determine their
suitability based on the data extracted from simulations of the two models. The conclusion on the suitability
of the selected features to be used as condition indicators, is then verified by performing the same analysis on
data extracted in tests on a physical set-up of the same wirebonder produced by the company ASM PT.
In order for the results to be suitable for ASM PT, several requirements are set on the generic approach
to predictive maintenance. First, the signal features should be generic in the sense that no or only a little
domain-specific knowledge is needed to extract the desired condition indicators on various machines. It is also
desirable to use machine signals that are already measured to obtain these signal features. Furthermore, the
computational capacity available at the machines is limited, thus the computational load demanded by the
process of extracting the condition indicators has to be limited together with their processing by the models
for machine condition monitoring and health diagnostics. Finally, the set-up of the machine health monitoring
system should require minimal effort.

This report is organized as follows. In Chapter 2, the considered models and physical machine are introduced.
These systems are used for the development of a generic process for fault isolation applied to the wirebonders.
The first step in this process is the analysis of the effect of the different fault scenarios on the system dynamics.
By understanding the changes in the machine dynamics, the influence the different scenarios have on the system
signals can be explained and predicted. This analysis is done in Chapter 3. With the insight of the effects of
the fault scenarios, the suitability of the features has to be determined. In Chapter 4, the different types of
features of the signals are analyzed. With the analyzed features, classification models can be built for fault
isolation. In Chapter 5, the best suited classification model is derived and the performance criteria for the
models are determined. In Chapter 6, the process of fault isolation is examined by making use of the data
obtained from the models of Chapter 5. The signal features are extracted from the obtained data-sets and used
to train and test models for classification of the machine health condition and isolation of the root-causes of the
machine performance degradation. For a better analysis of the relevance of the extracted signal features, their
informativeness is evaluated in Chapter 7 using different techniques. This informativeness analysis gives insight
in the relevance of the features for isolation of each individual fault scenario, but also shows the possibility of
reducing the feature set. In Chapter 8, the effectiveness of the developed process for feature extraction and
isolation of the faults is illustrated and verified. This is examined on a physical ASM PT wirebonder machine.
The main conclusions about feasibility and merits of obtaining the generic machine health condition indicators
are drawn in Chapter 9. The recommendations for further research are also given in the same chapter.
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Chapter 2

Description of the wirebonder applica-
tion and associated models

The study on how to obtain a classification model based on generic condition indicators is done by working
out the entire workflow towards predictive maintenance. The focus of this study is to find generic machine
health condition indicators for fault isolation. In order to ensure the genericity of the obtained condition
indicators, the process is studied by performing a theoretical analysis of the components of the workflow. This
analysis is performed to obtain generic condition indicators that are suitable for machine health monitoring and
diagnostics on a wirebonder benchmark system. This system is the physical set-up of an AB383 wirebonder
produced by ASM PT. This system is presented in Section 2.1. In order to obtain the condition indicators for
this benchmark set-up, two simulation models are used to examine the effects on the system dynamics. The
simulation model of the ASM PT wirebonder that is used for this purpose, is shown in Section 2.2. To ensure
the genericity of the predictive maintenance workflow, the analysis of the suitable condition indicators is also
performed on a simple mass-spring-damper system. The simplicity of this model makes it possible to assess
the process of obtaining the condition indicators without being affected by model-specific system dynamics.
This mass-spring-damper system is presented in Section 2.3. By using the combination of these three systems,
it is possible to obtain condition indicators that are generic and verified using the simulation model of the
ASM PT wirebonder and the physical set-up.

2.1 Physical set-up of the ASM PT AB383 Wirebonder

The ASM PT AB383 wirebonder is the benchmark system for this study on generic machine health condition
indicators. The condition indicators are determined using a theoretical approach as well as with the use of
simulation models. The ASM PT AB 383 wirebonder machine is used to verify the obtained generic machine
health condition indicators. A physical set-up of this wirebonder is available for testing at the ASM PT Center
of Competency in Beuningen. Testing on this set-up enables the possibility of assessing the performance of
the obtained condition indicators in a real-world setting. The wirebonder machine is used in production lines
to create wired connections between an integrated circuit and a substrate. The wires are created and attached
by a bond head which is controlled in the three translational (X, Y and Z) directions. An example of an
AB383 Wirebonder, manufactured by ASM PT, is presented Figure 2.1. The motion stage of this machine
is displayed more clearly in Figure 2.2. In this figure, a model of the motion stage is shown [3]. This model
shows the different axis the machine uses to position the bondhead.
The X- and Y-stages of the bondhead motion system can move along linear guides. The Z-motion of the
bondhead is achieved using a beam which is connected to the Y-stage and is actuated such as to rotate about
at an axis which is parallel to the X-motion axis. The Y-stage is mounted on top of the X-stage so all three
stages are linked in series to achieve the desired location of the bondhead. The motion of the bondhead has a
range from several millimeters to several centimeters in all three directions.
In this study the focus is on the motion in the X-direction. This way the results obtained using the two models
introduced in Sections 2.2 and 2.3, can be compared with tests on the physical set-up at ASM PT

2.2 The ASM PT AB383 Wirebonder simulation model

For analysis of the change in the system dynamics of the physical wirebonder as presented in Section 2.1, a
model of the ASM PT AB383 Wirebonder is used. This model is created such as to capture the dominant
dynamics of the wirebonder set-up at ASM PT [4]. Using this model, the system dynamics and the effects
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Figure 2.1: ASM PT Wirebonder. Figure 2.2: Simscape Multibody model of the AB380 Wirebonder.

of the fault scenarios on the system dynamics can be analyzed. In the model the different fault scenarios
can be actually implemented to affect the system in the same way as an actual unhealthy machine would
be affected by these scenarios. Furthermore, more elaborate testing can be done compared to the physical
set-up. With this analysis, suitability of machine health condition indicators can be assessed. The results
will be compared with test results achieved on the physical set-up to ensure the correctness of the simulation-
based analysis. A schematic view of the modelled wirebonder system is shown in Figure 2.3. The plant H in
this model represents the motion stage of the actual wirebonder as described in Section 2.1. The controlled
wirebonder model is modelled as a typical multi-input multi-output (MIMO) control loop, enabling controlled
motion in the three directions. The feedback controllers for the three directions are indicated by Cx, Cy and
Cz, respectively. These controllers are designed such as to ensure accurate tracking of the reference motion
trajectories in the three directions: rx, ry and rz [5]. The controllers use the error signals ex, ey and ez to
compute the required feedback input. For the X- and Y-direction, feedforward control is also applied. This is
represented in X-direction by FFx-block and in Y-direction by the block FFy. The feedforward controller is
used to increase the trajectory tracking accuracy by compensating for the tracking error dynamics [6]. Such
system dynamics that can be accounted for, are the mass inertia and friction. For the feedforward control,
the time-derivatives of the reference trajectory can be required such as is demanded for the compensation of
the mass inertia and friction effects. In this model, these derivatives are supplied by the trajectory generator.
The combined contributions of the feedforward and feedback controllers result in the plant inputs ux, uy and
uz. Possible external disturbances enter the control loop between the controllers and the plant, described as
signal w. The introduction of external disturbances is only used in the corresponding fault scenario, under
nominal conditions the disturbances are set to zero. The resulting position of the bondhead is described in the
three directions by the system output signals x, y and z. For the analysis of the propagation of faults in the
system, the focus is on the X-axis, from a reference trajectory in the X-direction to the position output in the
same direction. This simplifies the model presented in Figure 2.3 to the model presented in Figure 2.4, with
Hxu the transfer function of the plant describing the transfer from input u to the output x. The subscripts
are removed from the reference, error and plant input signal since all signals correspond to the X-direction.
The frequency characteristics of the plant Hxu of this system in X-direction, are presented in Figure 2.5. In
this figure, a Bode plot of the wirebonder model is shown, representing the transfer from the plant input
force u in X-direction in [N], to the position output x in [m]. This frequency response function is created by
linearizing the individual parts of the wirebonder model plant.
Since the controlled system forms a closed-loop system, the relevant characteristics are also closed-loop charac-
teristics. For this system the sensitivity Ser and process sensitivity HSxd functions are the closed-loop system
characteristics that are analyzed. The sensitivity function shows how sensitive a system is to the reference
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Figure 2.3: Schematic overview of the Simulink model of the ASM PT AB383 Wirebonder.

Figure 2.4: Schematic overview of the Simulink model of the ASM PT AB383 Wirebonder for the isolated
X-direction only.
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Figure 2.6: Sensitivity plot of the modelled wirebonder system, representing the closed-loop response of the
error signal e in [m] to the reference trajectory r in [m] in the absence of feedforward control.

motion trajectory. It shows the ratio of the error between the input and output and the input itself. In
other words, the sensitivity of the error signal e with respect to the reference motion trajectory r. In this
study, the error signal is used to obtain information about the machine health. Therefore, the sensitivity is a
highly relevant system characteristic. The insight into the sensitivity of the system with respect to the applied
reference trajectory, also provides insight in how much the different fault scenarios affect the error signal. If
the reference trajectory excites the frequency range that is (relatively) strongly affected by a certain fault
scenario, then the change in the system dynamics due to this fault scenario will affect the system signals. The
process sensitivity function shows the sensitivity of the system output x to disturbances w entering the system
between the feedback controller and the plant. The considered disturbances in this study are the disturbances
acting on the plant as additional input forces.
The corresponding plots of these two characteristics are shown in Figures 2.6 and 2.7 respectively. These
figures show the closed-loop dynamics without feedforward control applied.
By inspection of Figures 2.6 and 2.7, it can be noticed that the sensitivity of this model has the highest mag-
nitudes in the frequency range above 100 Hz. Due to the dynamics in the system, there are several magnitude
peaks and variations in the sensitivity above this frequency.

The sensitivity plot of this model has also been determined with the acceleration feedforward included. In-
corporating the feedforward influences the sensitivity because of the suppression of the inertial forces in the
system. The sensitivity function with the incorporated feedforward is obtained by linearizing the model. The
resulting sensitivity plot is shown in Figure 2.8.
This figure shows that the feedforward has a large beneficial effect on the system characteristics in the low-
frequency range. The feedforward is used to compensate for the mass inertia and therefore the system is less
sensitive for signals in the mass-dominated part of the frequency spectrum. At higher frequencies and around
the resonance frequency, the feedforward compensation does not fully reflect the actual system behavior. The
sensitivity therefore shows an increase in the sensitivity to this frequency. This effect is above bandwidth of
the system, so the advantages obtained using the feedforward outweigh the increased magnitude around the
resonance frequency.
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Figure 2.7: Process sensitivity plot of the modelled wirebonder system, representing the closed-loop response
of the system output, position x of mass m2, to the external disturbances w in [N] in the absence of feedforward
control.
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Figure 2.8: Sensitivity plot of the modelled wirebonder system with acceleration feedforward, representing the
closed-loop response of the error signal e in [m] to the reference trajectory r in [m].
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2.3 The mass-spring-damper model

In order to obtain machine health condition indicators that are not tailored for one specific wirebonder, next
to the wirebonder set-up and model, a theoretical analysis is performed using a simple mass-spring-damper
model. By using this simple model, a generic approach is made possible. The analysis is performed on the
simple mass-spring-damper system as shown in Figure 2.9. Because of the simplicity of this model, the specific
effects of the fault scenarios on a systems behavior can be observed. The generic analysis using this model will
be benchmarked using the physical set-up of the ASM PT AB383 wirebonder and the corresponding simulation
model as introduced in Sections 2.1 and 2.2, respectively.

For the system depicted in Figure 2.9, the considered parameters are: m1 = 0.9 kg, m2 = 0.1 kg , k1 = 100
N/m, d1 = 2 Ns/m, k2 = 3.45 · 106 N/m and d2 = 102 Ns/m. The output of the system is the position x2 of
mass m2. These settings are chosen to mimic a realistic wirebonder setup, such that the obtained test results
can be compared and verified. For a more in-depth analysis of the system, the model is also mathematically
derived with the equations of motion:

m1ẍ1 + d1ẋ1 + d2(ẋ1 − ẋ2) + k1x1 + k2(x1 − x2) = F

m2ẍ2 + d2(ẋ2 − ẋ1) + k2(x2 − x1) = 0
(2.1)

Using the equations of motion, the state-space representation of the system can be derived with x = [x1 ẋ1 x2 ẋ2]T ,
in which x1 and x2 represent the positions of masses m1 and m2 respectively:

ẋ1
ẍ1
ẋ2
ẍ2

 =


0 1 0 0

−k1+k2

m1
−d1+d2

m1

k2

m1

d2

m1

0 0 0 1
k2

m2

d2

m2
− k2

m2
− d2

m2



x1
ẋ1
x2
ẋ2

 +


0
F
0
0

 (2.2)

The frequency characteristics of this mass-spring-damper system with output x2 are presented in Figure 2.10.
The Bode plot describes the transfer from the plant input force F in [N] to the position of mass m2 in [m].
The mass-spring-damper system is controlled by a simple feedback controller. To stabilize a plant, multiple
approaches are possible. In this research, the method of loop-shaping is used to design the feedback controller
[7]. Using the loop-shaping, a stabilizing controller has been designed with a control bandwidth (cross-over
frequency) of nearly 200 Hz. The bandwidth is defined to be the maximum frequency at which the output of a
system will track an input sinusöıd in a satisfactory manner [5]. In the Bode plot of the open-loop L, the Bode
plot of the product of the transfer functions of the plant Hxu and controller C, this is where the frequency
response function crosses the -3 dB line in the magnitude plot. The open-loop gain of the mass-spring-damper
system shows the transfer from the controller input e in [m] to the plant output of the position x2 of mass
m2 in [m] in the case when the feedback loop is not closed. The resulting tuned open-loop gain is shown in
Figure 2.11. Since x1 is only an internal position, the output of the plant x2 is simplified to x in the Bode
plots. The frequency-range up to the set bandwidth is the range in which a system can be controlled. The
controller is designed for the plant to reach a bandwidth of nearly 200 Hz. The gain in the magnitude plot of
the open-loop Bode plot, is ideally large below the bandwidth frequency, then has a graduate transition around
the bandwidth frequency for robustness, and decays fast after this frequency to prevent undesired resonances.
For this model this is achieved with a controller consisting of a gain, a lag filter and an integrator.

Figure 2.9: Mass-spring-damper system.
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Figure 2.10: Bode plot of the mass-spring-damper system, representing transfer from the plant input force F
in [N] to the position x2 of mass m2 in [m].
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Figure 2.11: Bode plot of the open loop gain of the mass-spring-damper system, representing the transfer from
the error signal e in [m] to the position x2 of mass m2 in [m] when the feedback loop is not closed.
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Figure 2.12: Sensitivity plot of the mass-spring-damper system, representing the closed-loop response of the
error signal e in [m] to the reference trajectory r in [m].

The dynamics of the mass-spring-damper system under feedback control are evaluated based on Bode plots
of the sensitivity and the process sensitivity functions. The sensitivity plot of this system is shown in Figure
2.12, showing the closed-loop response of the error signal e in [m] to the reference trajectory r in [m]. The
process sensitivity shows the closed-loop response of the system output (position x2 of mass m2 in [m]) to
disturbances that enter the system between the feedback controller and the plant (external disturbances w in
[N]). The process sensitivity is shown in Figure 2.13.
From the sensitivity plot it can be seen that the position error is amplified by the reference trajectories that
excite the system with frequencies higher than 100 Hz. The plot shows a peak in the sensitivity at the high
frequency resonance of the system around 900 Hz. The process sensitivity plot shows that the system responds
the strongest to disturbances in the range between 20 Hz and 200 Hz. Around the resonance frequency, the
process sensitivity also shows a peak, but this peak is lower than magnitudes in the range between 20 Hz and
200 Hz.
In addition to the feedback controller, similar to the wirebonder systems, a feedforward controller is applied to
the system. This controller compensates for the inertial force in the system. The feedforward is implemented
as a gain, multiplying to the acceleration of the reference signal, with a magnitude corresponding to the mass
of the system. For this particular system, an acceleration gain of 1 is used. The resulting controlled system
corresponds to the basic structure of a typical control loop. The addition of the feedforward influences the
sensitivity in this model too, because of the suppression of the inertial forces in the system. The resulting
altered sensitivity function is displayed in Figure 2.14.
Similar to the analysis of the wirebonder model of Section 2.2, the sensitivity function with feedforward
included, shows that the feedforward has a large beneficial effect on the system characteristics in the low-
frequency range. In this model too, it shows that, at higher frequencies and around the resonance frequency,
the feedforward compensation does not fully reflect the actual system behavior, resulting in an increase in the
sensitivity to this frequency.
Because of the similarities between the mass-spring-damper model and the wirebonder model, one may expect
similar effects of the various fault scenarios on both models. This enables comparison of the fault scenario
effects and the analysis using the wirebonder model as a benchmark model.
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Figure 2.13: Process sensitivity plot of the mass-spring-damper system, representing the closed-loop response
of the system output, position x2 of mass m2, to the external disturbances w in [N].
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Figure 2.14: Sensitivity plot of the mass-spring-damper system with feedforward, representing the closed-loop
response of the error signal e in [m] to the reference signal r in [m].
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2.4 Conclusion on the control and model background

In this chapter, the systems that have been used in this research are presented. The benchmark system for
this study is the ASM PT AB383 wirebonder, of which a physical set-up is available. A model of this system is
also used with which the effects on the system dynamics can be evaluated. This model makes more elaborate
testing also possible. To ensure the genericity of the process towards obtaining the machine health condition
indicators, an additional system is used. This system is a simple mass-spring-damper system. By analyzing
the characteristics of this system, an assessment of the effects of the different fault scenarios can be obtained
without having this assessment tailored for a specific system. The structure and machine dynamics of these
systems are displayed for each of these systems. Using the analyses of these systems, the effects of different
fault scenarios on the system dynamics can be explored and suitable condition indicators can be determined
to evaluate the machine health in a generic manner.
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Chapter 3

Fault Propagation

Predictive maintenance is based on the ability to detect changes in the health of a machine by looking at
signals of that machine. If changes in the machine signals can be detected that indicate reduced machine
health, maintenance can be done before a break-down occurs and without needing unnecessary preventive
maintenance. Such changes can be caused by various fault scenarios. In order to be able to use these changes
for predictive maintenance, it is vital to know how fault scenarios affect the signals in a machine. With this
knowledge on the fault scenarios, the best suited features of a certain machine signal can be selected to capture
the faulty behavior. Possible features range from simple time features, such as the mean of a signal, to more
complex time-frequency features such as wavelet-based features. In addition to the selection of the well suited
features, it becomes possible to find out (”isolate”) which fault scenario is present in the system. To enable
fault isolation, the differences in propagation of the fault scenarios have to be distinguishable in the signal
features that are used for the predictive maintenance. Therefore, the dynamics of a system are explored under
several different fault scenarios.

In this chapter, the effects of these fault scenarios on the system health are examined. This is done by
analyzing the effect of the fault scenarios on the system characteristics. The theoretical concepts of the
fault scenarios are presented in Section 3.1. In order to identify what features can capture the characteristic
changes corresponding to each scenario, this analysis is first done on the simple mass-spring-damper system
as presented in Section 2.3. This analysis is given in Section 3.2. Next, the results will be compared with the
effects the scenarios have on a model of an ASM PT wirebonder in Section 3.3. This model represents an ASM
PT wirebonder of which a physical set-up is available at the ASM PT Center of Competency in Beuningen.
Experiments can be performed on this physical set-up to verify the theoretical and simulation-based results.
The actual wirebonder machine and the model of this machine, have been introduced in Sections 2.1 and 2.2
respectively.

3.1 Fault scenarios

The fault scenarios that will be looked into, are obtained by ASM PT in an internal investigation on the most
occurring fault scenarios. The types of fault scenarios that appeared the most, are of dynamical and thermal
nature. In this research, the focus is on the dynamical faults in machines. The selected scenarios that are the
most occurring dynamical faults are:

1. Increased friction in the translational motion axes,

2. Motor degradation,

3. Change in the resonances,

4. External force disturbances.

In the figures, these scenarios are referred to with the respective key-words: Friction, Motor, Resonances and
Disturbance

3.1.1 Friction in a translational motor axis

The first fault scenario that has been taken into account is an increase in friction. This can occur when guides
between stages in a machine are too little lubricated or if the guides have been slightly worn. The result is
an increase in the friction force the machine encounters when exciting a motion in the corresponding axis.
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Figure 3.1: Force profile consisting of Coulomb and viscous friction components.

The friction is described by a combination of Coulomb and viscous friction, without additional static friction
[8]. In Figure 3.1, the resulting velocity-related friction force is displayed. In this figure the Coulomb friction
contribution is referred to as FC and the viscous friction is referred to as Fv. The combined friction force Ffric

is displayed with respect to the velocity ẋ. The blue line represents nominal friction and the red dashed line
displays the change in the friction force when more friction is present in a system. The friction is introduced
to the system as an additional force working on mass m1. This alters the state-space equation (2.1) of the
system to: 

ẋ1
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ẍ2

 =


0 1 0 0
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0

F−Ffric(ẋ1)
0
0

 (3.1)

The friction model is implemented in the machine model also in the nominal scenario of a healthy machine
condition. This enables a more realistic representation of nominal machine health. The amount of friction in
this nominal case mimics the amount of friction encountered in a healthy wirebonder [3]. The fault scenario is
induced by increasing the friction from the nominal 100% to a maximum of 300%. This is done by increasing
both the viscous and Coulomb friction force constants.
Next to the implementation of friction in the plant, also feedforward compensation of the nominal friction is
added to the controlled system. In high performance systems in which friction is a relevant control factor,
this is compensated for through the feedforward control. The mimicked undesired increase in the friction thus
affects the amount of friction present in the system, but not the feedforward compensation for the friction.

3.1.2 Motor degradation

The second fault scenario that is investigated, is the degradation of a motor. Over time, the motors in the
system are subject to internal wear and demagnetization. These two effects over time lead to a reduced motor
output force for the same input current. This can be described in the state-space representation (2.1) of the
mass-spring-damper system as a reduction of the input force with a motor efficiency parameter η (with the
range 0 ≤ η ≤ 1): 
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14



In the control loop, this affects both the performance of the feedback as well as the feedforward control. The
reduced motor performance results in a lower effective gain. The open loop gain of the system will therefore also
drop. The feedforward is tuned for nominal behavior, the motor degradation therefore results in a mismatch
in the feedforward controller. Following from this, the feedforward control is no longer appropriate.
The output of the feedback controller is also affected by the reduced efficiency of the motor. The lower open
loop gain of the system means the control bandwidth is also lowered. This means that the feedback controller
has to compensate more, especially in the frequency range closer to the bandwidth, since the resulting output
of the feedback controller is reduced.
The maximum reduction of the motor performance is set to be 10%. The motor force constant is in this
worst case scenario reduced to 90% of the nominal motor force constant. This corresponds in the state-space
description (3.2) of the mass-spring-damper system with η = 0.9, reducing the force entering the system.

3.1.3 Change in the resonance frequencies

A third common fault scenario is the change in the eigenfrequencies in a system. Due to fatigue in the material
and joints, the overall stiffness can consequently become reduced. This results in the reduction of the frequency
at which the high frequency resonances are present in the system. The fault scenario does not affect the system
dynamics at lower frequencies and within the control bandwidth no difference is present. For a reference signal
with the dominant frequencies within the bandwidth, the response therefore is still the same as for the nominal
scenario. If the reference signal has an energy with a high enough frequency and energy to excite the frequency
range of the resonance, the motion control cannot cope. The controller is not tuned to process this shifted
resonance. If the resonance is closer to the bandwidth, the amplification of the resonance can also take place.
The response of the system around the resonance frequency will therefore be excited more strongly. In the
mass-spring-damper system, the high resonance frequency is present in the system through the stiff connection
between mass m1 and m2. To introduce the fatigue in the stiffness, the constant of the spring connecting the
two masses (k2) is reduced. This affects the state-space representation of the mass-spring-damper system in
the following parameters: 
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3.1.4 External force disturbances

The fourth fault scenario that is considered, is the addition of external force disturbances. Since machines,
such as wirebonders, are used in factories with large amounts of different machines, these machines will likely
interfere with each other. Besides this source of external disturbances, multiple other sources are possible
that can also result in disturbances in the machine. Vibrations from outside of the factories can for instance
propagate to the machines. These disturbance scenarios introduce additional inputs to the plant. In the
state-space representation of the mass-spring-damper model, this additional force W is added to the input of
the system: 
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In the control loop, this creates a larger error in the output signal since the disturbance enters the control
loop between the controller and the plant as described in Chapter 2. The plant and controllers themselves are
not affected, so the system frequency response is the same. The effect of the fault scenario depends on the
magnitude and frequencies of the external disturbance. Depending on the process sensitivity at the excited
frequency, the error increases and the feedback loop has to compensate for the added input power. The re-
sulting effects on the system are discussed in more detail in Section 3.2.3 with use of the characteristic of the
mass-spring-damper model.
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3.2 Fault propagation in a Mass-spring-damper system model

The effects of the different fault scenarios are examined using the simple mass-spring-damper system which is
described in Section 2.3. Because of the simplicity of this model, the specific effects of the fault scenarios can
be observed. This model does not resemble a real machine, but by reducing the machine specific properties,
this simple model provides more insight in the generic effect of the fault scenarios in a wirebonder system.
In Section 3.2.1, the implementation and effects of the individual scenarios are presented. Using the system
with the fault scenarios implemented, the change in the system characteristics can be inspected. In Section
3.2.2, the relevant system characteristics are displayed and discussed. The changes in the machine signals due
to the changed system characteristics are presented and explained in Section 3.2.3.

3.2.1 Implementation of the fault scenarios in the mass-spring-damper system

The implementation of the four different fault scenarios is explained next per scenario. The resulting system
diagram with all fault scenarios applied to the system is finally presented at the end of this section.

Friction implementation

The friction is implemented in the system as an additive internal force to the plant. The magnitude of the
force due to the Coulomb and viscous friction is modelled by:

Ffric = γ · µC · tanh(c · ẋ1) + γ · µv · ẋ1. (3.5)

Instead of capturing the discontinuity of the Coulomb friction at the moment the direction of the speed is
reversed, a continuous approximation represented by a tangens hyperbolicus function is used to avoid hybrid
dynamics in the model. The coefficient γ represents the severity of the increase in friction. In the nominal
scenario, γ is set to 1, in the scenario where the friction is increased to a maximum of 300%, γ is increased
to the corresponding maximum value of 3. The coefficients µC and µv are the Coulomb and viscous friction
parameters and are, to mimic a realistic wirebonder, set respectively to 0.05 N and 0.5 Ns/m. Parameter c
is a constant that determines the abruptness of the change in friction due to change of the direction of the
motion and is set to 100. Variable ẋ1 is the speed of mass m1 and Ffric is the resulting friction force acting on
the system. The feedforward compensation for the friction in the plant uses the reference speed and the same
parameters for the Coulomb and viscous friction. To simulate an increase in friction, the friction in the plant
model is increased by increasing γ. The feedforward parameters are obviously not altered, the parameter γ is
used to represent the fault scenario and is not present in the feedforward compensation.

Motor degradation implementation

The fault scenario of the degraded motor is implemented as a gain between the controller output and the
system input. The healthy system has a gain of 1, implying the force sent into the system corresponds to the
desired input. This corresponds to the motor performance parameter η as introduced in Section 3.1.1. For the
fault scenarios, this factor is reduced to not less than 0.9, representing a motor with a performance of 90%
relative to the healthy machine condition.

Implementation of the change in the resonance frequency

The fault scenario where a change in resonance is present in the mass-spring-damper system, is implemented
by changing the parameters of the connection between the two masses. To simulate the change in stiffness
within a machine, the stiffness of the connection between the two masses is slightly decreased. This results in
a lower eigenfrequency: from the nominal resonance at around 900 Hz to a resonance reduced (at most) to a
frequency of 800 Hz.

Implementation of external force disturbances

The external disturbances are implemented by adding the disturbances to the input to the plant. For this
model, the disturbance is modelled by a multi-sine input consisting of three harmonic components at 100 Hz,
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Figure 3.2: System with implemented fault scenarios.

300 Hz and 750 Hz. These frequencies are tentatively chosen to excite the system dynamics slightly below and
above the control bandwidth and close to the resonance frequency. The amplitudes of the individual harmonic
components are increased in this fault scenario simultaneously. The maximal amplitude of the components is
tentatively chosen to be 1% of the maximal amplitude of the input force to the plant under healthy system
conditions. Hence, the aim is to detect rather mild disturbance scenarios.

System with all fault scenarios implemented

Based on the four fault scenarios described previously, the model has been expanded so all scenarios can be
introduced to the system. The resulting system block diagram is shown in Figure 3.2. The friction scenario is
implemented in the plant model with the feedforward compensation for the nominal amount of friction. The
reduced motor health is represented in the system by the gain ”Motor Health”. The motor health constant
(η) is 1 in the nominal scenario and it is decreased when deteriorated motor performance is simulated. The
change in resonance is accounted for in this system by altering the spring constant between mass m1 and m2

in the plant model. The external disturbance fault scenario is implemented by the additive force to the plant.
The external disturbance is not affected by the motor health of the system and is therefore introduced into
the system between the motor health gain and the plant.

3.2.2 Fault scenario effects on the mass-spring-damper system

The effects the different fault scenarios have on the system are discussed below. This analysis gives insight
into how signals in the system are affected by the different scenarios. For the assessment of the effects of the
fault scenarios, the system characteristics are inspected as explained in Chapter 2. These frequency response
functions are obtained by means of linearization of the individual parts in the model. The resulting plots show
the response for positive frequencies.

Friction effects on the system

The increase in friction results in a mismatch of the friction and feedforward compensation for the friction.
The feedforward controller is not tuned to compensate for the larger friction force. This results in a larger
error which has to be corrected for by the feedback controller. The viscous friction and Coulomb friction are
dependent on the speed of the moving mass. The Coulomb friction is a constant depending on the direction
of the motion and the viscous friction is linearly proportional to the velocity. These components act on the
system during the initialization of motion and during motion. This effect therefore is the most present at the
mass dominated part of the frequency spectrum where the inertial force has the largest contribution. In this
model this is the case below 600 Hz. To illustrate the effect of the increased friction, the sensitivity function
of the modelled system is inspected. This shows the change in sensitivity in the error signal with respect to
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Figure 3.3: Sensitivity function of the mass-spring-damper system with increased friction.

the reference signal, displayed in Figure 3.3. In this figure, the response of the nominal machine response is
shown in blue. The red line represents the scenario in which the maximum friction fault is present. Since the
sensitivity plot shows a difference for the healthy and unhealthy scenario, it can also be concluded that it is
possible to detect the fault scenario using the error signal. The error signal is affected by the fault scenario
for reference trajectories that excite the system in the frequency range in which the fault scenario affects the
system dynamics. This also imposes the requirement on the reference trajectory to excite this frequency range
for an accurate detection of the friction fault.

Effects of motor degradation on the system

Degradation of the motor results in a lower input force for all desired input to the plant. The degradation leads
to a mismatch for both the feedforward as well as the feedback. This results in an error for all possible inputs,
not depending on the frequency and relative to the excitation. This is manifested in the system Bode plot
where the sensitivity is affected over the entire frequency spectrum, distributed evenly. This is shown in Figure
3.4, in which the sensitivity of the system is displayed. In this figure, the nominal scenario and maximum
fault scenario are again displayed. The change in the sensitivity plot is small but noticeable, showing that it
is possible to detect the fault scenario using the error signal. Different from the scenario in which the friction
is increased, a specific frequency range is not needed to be required in the reference trajectory for the fault to
be noticeable in the error signal.

Lower resonance frequency effects on the system

The system in healthy condition is feedback controlled such that the magnitude of the sensitivity function
does not exceed 6 dB to ensure robust stability [9]. When the stiffness is reduced in the internal spring of the
system depicted in Figure 2.9, the frequency of the resonance in the system is also decreased. This means that
the stability is not guaranteed anymore. The error resulting from this change has to be corrected for by the
feedback controller. The different resonance frequency does not affect the system below the bandwidth, only
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Figure 3.4: Sensitivity function of the mass-spring-damper system with a reduced motor force constant.

the frequency region around the nominal and altered resonance is influenced by the resonance shift. A change
of the resonance frequency in this system is affecting the system the most at the frequency range between 500
Hz and 3000 Hz. The resulting peak in the sensitivity function of the system in healthy and maximum faulty
scenario is shown in Figure 3.5. Exciting frequencies in the range of this resonance in the reference trajectory
enable detecting the change in the resonance frequency in the error signal.

Effects on the system due to the external force disturbances

In contrast to other fault scenarios, the system characteristics are not changed when external force distur-
bances are applied to the system. To understand the effects of this fault scenario, the process sensitivity
function has to be looked at. This system characteristics shows the closed-loop response of the plant output
to the disturbance acting on the plant input. The response, depicted in Figure 3.6, shows that the system
is relatively sensitive in the range of frequencies present in the multi-sine disturbance. In this figure, the
frequencies present in the disturbance signal are indicated with the green dashed lines. The peculiarity of this
fault scenario is no dependency on the reference trajectory. The process sensitivity function shows that the
system is relatively sensitive for the excited frequencies in the external disturbance making the effect possible
to detect in the error signal.

3.2.3 Impact of the fault scenarios to the closed-loop system response

The presented fault scenarios influence the system dynamics in different ways. These differences are also
present in the measured machine error signal. In order to review the effect of the faults on the system
behaviour, cycloidal reference trajectories are used [10]. The trajectory describes a forward and backward
motion with standing still periods after both motions. These types of trajectories have a cosine speed profile
and are continuous and fluent in position, speed, acceleration and snap. By using different types of reference
profiles, the system is excited in different frequency ranges. Using this method, the analysis of the different
fault scenarios can be investigated. The used references are generated using the same algorithm as in an actual
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Figure 3.5: Sensitivity function of the mass-spring-damper system with change in the resonance frequency.
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Figure 3.6: Process sensitivity function of the mass-spring-damper system.
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Figure 3.7: The cycloidal reference motion trajectory for forth- and back translations of 4 mm.

wirebonder. For the machine this maximizes the performance of a motion, with continuous changes in speed,
acceleration and snap. The reference trajectory is generated such as to minimize the motion time while not
exceeding the acceleration and jerk limits. For a motion of 4mm and a maximal acceleration of 250m/s2, the
generated reference motion profile is shown in Figure 3.7, displaying the position, speed, acceleration and jerk
profiles.
Four different profiles are used to inspect the system responses under the fault scenarios. These profiles
correspond to motion displacements of 8mm, 4mm, 2mm and 0.1mm. The signals have the same standing-
still period, but differ in period time due to the difference in motion time. The displacements are performed
with the highest performance within the acceleration and jerk limits. In order to visualize the frequency range
excited by the different reference motion profiles, the acceleration signal has to be analyzed. For a dominantly
inertial system like this one, the corresponding frequency content of the input signal can be explored using
the acceleration profile. The acceleration is linear with the input force to the system. The frequency content
of the position signal is dominated by the low-frequency effects of the standing-still segments of the reference
trajectory. This overshadows the frequency effects caused by the motions. Consequently, the frequency content
of the acceleration of the reference trajectory directly determines the frequency range of the system which is
excited by the input force. The frequency content of the acceleration reference profile is shown in Figure 3.8.
The analysis of the effects of the different fault scenarios in the different frequency ranges result in the
observations on the informativeness of these four reference trajectories:

• Based on the sensitivity plot in Figure 3.3, it can be concluded that the change in friction has more
effect on the system output in the low-frequency signals (8mm, 4mm).

• From the sensitivity plot in Figure 3.4 it can be concluded that a change in the motor constant should
be visible for all reference trajectories.

• The change in the resonances only affects the frequency-band around the resonance, as can be concluded
based on the sensitivity plot in Figure 3.5, making it much more apparent for the reference accelerations
that have energy at higher frequencies (e.g. 0.1mm).

• The frequency content of the external disturbance effects, depends on the frequencies present in the
disturbance. As shown in Figure 3.6, the harmonic frequencies that are used are affecting the system
based on the process sensitivity. The influence this actually has on the system output depends on the
power of the reference profile. If the reference trajectory has a relatively low power, the disturbance
comparatively has more influence. The external disturbances should therefore be mainly present in
output corresponding to the motion profiles of 2mm and 0.1mm.
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Figure 3.8: Frequency content of the reference accelerations for the four different reference trajectories.

The resulting error signals of the four reference trajectories for all the scenarios are shown in Figure 3.9.
The frequency contents of the different error signals for the four different reference trajectories are shown in
Figure 3.10. The nominal scenario in both figures is highlighted with the light blue band around the blue line
corresponding to this nominal scenario.
The responses to the four different reference motion profiles can be explained by the analysis of the changes
in the system dynamics under the fault scenarios.

• The effects of friction influences the 8mm motion the most and the effect reduces with the shift towards
higher excited frequencies. This can be seen in Figure 3.9. The red line indicating the change due to
friction deviates from the nominal scenario more severely in the low-frequency range.

• The effect of the reduced motor constant is similar for the different reference trajectories. The deviation
of the yellow line, representing the effect of a reduced motor performance, is relatively similar for all
setpoint trajectories.

• The change in resonance has little influence in the case of the 8mm, 4mm and 2mm motions, but is
clearly visible in the 0.1mm motion. The purple line that shows the changed resonance scenario, is
similar to the nominal scenario, but is clearly different in the error signal response corresponding to the
0.1mm motion

• The external disturbance is the most distinctly present in the reference trajectories in which higher
frequencies are excited which is the most visible in the 0.1mm motion. This is the case because the
reference trajectories corresponding to the higher frequency excitations have less energy. The energy of
the disturbance is therefore relatively high with respect to the energy induced by the reference trajectory.
The green line corresponding to this scenario shows a deviation from the nominal scenario with a similar
magnitude for all reference trajectories, independent from the magnitude of the error in the nominal
scenario.

The signals furthermore also show that the different changes in system dynamics cause different effects on
the error signals. This is advantageous for the isolation of the different fault scenarios based on the error
signals analysis. For an analysis of the error dynamics that covers all of the frequency ranges corresponding to
the different setpoint profiles, a reference motion profile is created with these individual profiles sequentially
combined. The resulting multi-setpoint as shown in Figure 3.11 and it allows a comparison of the different
error signals in the whole spectrum. In this multi-setpoint profile, the duration of the standing-still period
is randomized such that the consecutive excitations do not have a dominating effect on the resulting signal
analysis. Choosing the standing-still sections to be of the same duration would introduce repetitive frequency
components in the signal spectra at integer multiplies of the frequency which is equal to the inverse of the
duration of one period of the multi-setpoint profile.
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Figure 3.9: Error signals for the different reference motion profiles under the healthy and faulty conditions.
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10-11 Error signal frequency content for stroke = 8 mm
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10-12 Error signal frequency content for stroke = 4 mm
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Figure 3.10: Frequency content of the error signals corresponding to the different reference motion profiles
under the healthy and faulty conditions.
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Figure 3.11: Multi-setpoint reference motion profile

The error signals and the corresponding frequency spectra are displayed in Figures 3.12 and 3.13, respectively.
The effects of the different fault scenarios on the error signal are also present in this analysis. The observed
effects of the different individual setpoints are still present in the combined signal, the different fault scenarios
affect the components of the multi-setpoint in the same way. Because the responses of the scenarios to the
different individual setpoint trajectories are now combined in a single trajectory, the comparison of the different
fault scenarios is more obvious and straightforward.
In this section, the effects of various fault scenarios on the system dynamics are determined. Furthermore,
it is shown that the effect of the different fault scenarios on the position error signal can be linked to the
altered system dynamics/disturbance situation. This provides insight into what features will be useful to
capture an individual fault. This analysis is a foundation of making a decision which features would be the
most informative for fault isolation. The analysis is conducted on a simple system model to analyze it in
a systematic manner. To benchmark the analysis, a wirebonder of ASM PT is used. In order to review if
the conclusions on this simple system remain valid on the wirebonder, a simulation model of the ASM PT
wirebonder is considered in Section 3.3. Using this model, the effect of the system are again inspected and the
results of the two models can be compared.

3.3 Fault scenario propagation in the wirebonder model

The effects of the different fault scenarios are examined by means of a theoretical analysis on how the scenarios
are present in the control loop and mathematical model description, as well as an analysis on the system char-
acteristics of a simple mass-spring-damper system. To compare how these analyses relate to real machines,
simulations are done using a model of the ASM PT AB383 Wirebonder. The fault scenarios are simulated in
this model using the same approach as has been used in the mass-spring-damper model as described in Section
3.3. The model of the wirebonder has been introduced in Section 2.2.

The system characteristics of this model for the various fault scenarios are obtained. With the used linearization
method, it is also possible to incorporate the effect of the feedforward. The sensitivity functions of the model
without applied feedforward are shown in Figure 3.14. The sensitivity function in which the feedforward is
taken into account is shown in Figure 3.15.
The effects of the various fault scenarios are not as visible as in the mass-spring-damper system. Therefore, the
frequency spectrum is split-up into three sections to make the changes better visible. This has been done for
both the sensitivity functions without and with feedforward applied in the Figures 3.16 and 3.17 respectively.
By inspection of these sensitivity plots, it can be concluded that the fault scenarios have a similar effect to
the model characteristics as for the mass-spring-damper model described in Section 3.2.3. The magnitude
of the changes is smaller, so for a more clear comparison the line corresponding with the nominal scenario
is highlighted in blue. The manner in which the fault scenarios affect the system dynamics however, is still
similar:

24



0 0.05 0.1 0.15 0.2

Time t [s]

-6

-4

-2

0

2

4

6

P
o
s
it
io

n
 e

rr
o
r 

e
 [
m

]

10-5

Error signal of the multi-setpoint signal

Normal

Friction

Motor

Resonances

Disturbance

Figure 3.12: Error signal of the multi-setpoint motion profile.
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Figure 3.13: Frequency content of the error signal of the multi-setpoint motion profile.
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Figure 3.14: Sensitivity function of the wirebonder model without applied feedforward.
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Figure 3.15: Sensitivity function of the wirebonder model with applied feedforward.
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Figure 3.16: Sensitivity function of the wirebonder model without incorporated feedforward for different
frequency ranges.

• The friction mainly affects the system in the part where the inertial force dominates,

• the reduced motor force constant is visible along the entire frequency spectrum,

• the change in resonances has a significant effect around the resonance frequency but not in the other
parts of the frequency spectrum.

Therefore, it can be concluded that the generic approach of the analysis of these scenarios also holds for the
wirebonder model. Because the system characteristics corresponding to the different scenarios are similar
for the two models and the same reference motion is used, it is assumed that the system signals are also
affected in a similar manner due to the fault scenarios. It is thus also expected that the relevance of different
signal features is similar for both of the two models. The second conclusion is that the feedforward has major
influences on the sensitivity of this system as well. The fault scenarios are still present in the same regions of
the frequency spectrum, but incorporating the feedforward shows that the effects in the low-frequency parts
of the spectrum are less noticeable. The reference trajectory part exciting the low-frequency range however,
has more energy than the high-frequency components of the reference trajectory. The fault scenarios affecting
the low-frequency response of the signal are therefore still measurable in the error signal.
For the analysis of the fault scenario where the external disturbances are injected into the system, the process
sensitivity has to be analyzed. The process sensitivity under healthy system condition is shown in Figure 3.14.
In this analysis, the feedforward is not taken into account since the external disturbance is not dependent
on the reference signal. The feedforward therefore also does not have any effect on the disturbance. From
these figures it can be seen that the system is the most sensitive to the lowest of the three injected harmonic
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Figure 3.17: Sensitivity function of the wirebonder model with incorporated feedforward for different frequency
ranges.
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Figure 3.18: Process sensitivity function of the wirebonder model without applied feedforward.
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Figure 3.19: Wirebonder position errors in the X-direction for the multi-setpoint reference motion profile.

disturbances (100 Hz). For the harmonic disturbances at higher frequencies, the system is less sensitive. In the
resulting position error profile this frequency therefore has the largest contribution. This slightly differs from
the mass-spring-damper model in which all signals were present relatively similar. Since not all contributions
of the disturbance are more suppressed in this model, the effects of this scenario is still noticeable in the
error signal. The choice for these frequencies is not altered such as to not tailor the approach to this specific
wirebonder.
Following the analysis on the system characteristics, the position error profile in the X-direction is again
inspected. The resulting error profiles of the wirebonder model for the multi-setpoint reference motion profile
described in Section 3.2.3 are shown in Figure 3.19. The frequency content of the error profiles is shown in
Figure 3.20. Because the dynamics of the system are different compared to the mass-spring-damper model,
the error profiles are also different. The manner in which the error signals are affected by the fault scenarios
however, is similar to the effects the scenarios have on the error signal of the mass-spring-damper system:

• The friction mainly influences the error at the lower frequencies. This is the best visible in the frequency
plot of Figure 3.19 where the red line is visible in the low-frequency range, and not in the high-frequency
range.

• The reduction of the motor constant affects all the motions. This can seen in both the time- as well as
the frequency-plot.

• The change in resonances results in an error profile that is almost similar to the signal corresponding
to the healthy scenario, but is affected at high frequencies. Due to the oscillations in the error signal,
this is now slightly more visible in the low-frequency range as well, but the effect still shows the most
dominant in the high-frequency part of the reference trajectory.

• The external disturbances influence the error profile at the excited frequencies present in the disturbances.
As predicted, a 100 Hz component of the disturbance is the most dominant one in the frequency spectrum
of the error profile. The green line corresponding to the external disturbances, furthermore, shows again
to have a constant effect on the error signal throughout the entire multi-setpoint reference trajectory.
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Figure 3.20: Frequency content of the position errors simulated using the wirebonder model the multi-setpoint
reference motion profile.

3.4 Discussion

In this chapter, the effects of different fault scenarios on dynamic system models, representative of a wirebonder
stage, have been analyzed. This has been done by means of a generic analysis on a mass-spring damper system,
as well as an analysis on a model of the ASM PT AB383 wirebonder.
The obtained results show that the four different fault scenarios described in Section 3.1, affect the system
in different ways. By analyzing the change in the system characteristics, the effects of the fault scenarios for
different reference trajectories can be predicted and explained. This provides insight into the fault dynamics
and into the severity of the presence of faults in the system for a given reference trajectory. The position error
signal in the system has shown in this chapter to be usable for the identification of the machine health. This
signal is affected by the change in health and the change in this signal differs per scenario.
Furthermore, effects of the different fault scenarios appear to be similar in the models of the wirebonder
model and of the mass-spring-damper. This shows that the generic fault scenario analysis can be applied to a
wirebonder.
The resulting analysis of the effects of the different fault scenarios will be used in Chapter 4 for selection of
signal features that are suitable for fault isolation. In this way, it can be ensured that all the scenarios can be
isolated based on the selected signal features.
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Chapter 4

Feature Analysis

In Chapter 3, the effects of various fault scenarios have been examined. These effects result in changes in the
observed machine signals such as the position errors. In order to assess the machine health, features have to
be extracted from these machine signals. The features are properties of the signal such as the mean value,
variance or maximal value. If a signal is affected by a fault scenario, this can have an influence on the features.
Selecting the features that are sensitive to the changes in the machine characteristics due to the various fault
scenarios, results in a set of features that can be used for fault detection and isolation. The signal that is used
to extract the features from is the position error signal. This signal has shown to be useful for the detection
and isolation of the different fault scenarios. In the models and physical wirebonder, this signal is obtained in
discrete time with a sampling frequency of 8000 Hz.
There are numerous possible features to extract from a signal. These can be divided into three categories: time,
frequency and time-frequency. Time features are features extracted from the time-domain signal. Frequency
features are extracted from the frequency content of the signal. Time-frequency features are time-dependent
features in the frequency-domain. In Sections 4.1, 4.2 and 4.3, these features are inspected. The features
that are presented in these sections have been determined in [11] such as to have them appropriate for the
objectives of this research.
In order to predict and select the most informative features, their theoretical background is first studied. By
using this method of analysis, the relevance of the individual features is not tailored to a single system, but
can be done on a more generic level. For validation of this analysis, the response of the features to the different
fault scenarios is also reviewed using the error signal of the mass-spring-damper model as well as the Simulink
model of the ASM PT AB383 wirebonder. In Chapter 7, further analysis is presented to determine which
features are the best suited.

4.1 Time-based features

Time-based features can directly be obtained from the time-domain signals. This type of features is the most
common and in most cases the easiest to extract. Typical time-domain features are the mean of a signal and
the variance in a signal. The downside of time-based features is that most of the features are less sensitive to
short-timed changes or changes in the frequencies in the system. A slight change in the resonance frequency
can for instance occur without being measurable in the time-domain features. Most time-domain features are
also not sensitive for shifts of the signal in time. This makes the features robust for small variations in the
signal, but if the shift occurs due to a fault scenario, the change cannot be captured. If the time-features are
able to characterize different faults, they offer computationally advantageous solutions. However, it can occur
that these more simple features are not able to detect all changes in the time-signal data induced by the fault
scenarios.
In order to determine if the time-domain features can be used as condition indicators, their theoretical back-
ground has been investigated. From this analysis the sensitivity to what type of changes in a signal can be
monitored is determined. This is shown next for the selected time-based features. The formulas in this analysis
are expressed for a generic (discrete time) output signal y = [y1, y2, ..., yN ]. The individual data-points are
indicated with yi with i ∈ {1, ..., N} for the total number of data-points N .
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• Mean

Formula

ȳ =

N∑
i=1

yi

N
.

Analysis Changes due to the fault scenarios that shift the central value of a signal can be detected
using this feature. This is less relevant for changes in resonances since the magnitude and
frequency of the oscillations level out.

Suitability
based on theory

Friction Motor Resonances Disturbances
+ +/- - +

• Minimum and maximum

Formula ymin = min(y) / ymax = max(y) .

Analysis If a fault scenario influences the minimum or maximum value of a time signal, this feature
can be used. Since all fault scenarios affect the error signal, these can all influence the
minimum value if they cause (larger) overshoot or larger oscillations. This feature however,
only captures the peaks signal value, so the signal changes that do not affect the peak value
are not observed.

Suitability
based on theory

Friction Motor Resonances Disturbances
+ + +/- +

• Variance

Formula

σ2 =

N∑
i=1

(yi − ȳ)2

N − 1
,

with the variance σ2 computed using the mean ȳ and the individual components of the
signal yi.

Analysis The variance is related with the dispersion in a signal. If the error signal deviates more
strongly from the average error, the variance changes. Since all scenarios affect the am-
plitude of the error signal, these all have an influence on the variance. The square root of
the variance (σ) is the standard deviation of the signal.

Suitability
based on theory

Friction Motor Resonances Disturbances
++ ++ +/- ++
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• Skewness

Formula

yskew =
1

N

N∑
i=1

[
yi − ȳ
σ

]3,

with σ the standard deviation, ȳ the average and yi the individual components of a signal
with N data points.

Analysis The skewness is a measure for the symmetry in a signal. It is mainly affected by the
difference in the error signal in the acceleration and deceleration phases of the reference
trajectory. The acceleration and deceleration have different influences on the error signal,
so if this difference becomes smaller or larger, the skewness of the signal is useful. Other
non-symmetric variations will affect the skewness as well and are therefore also possible to
capture using the skewness.

Suitability
based on theory

Friction Motor Resonances Disturbances
++ ++ +/- ++

• Kurtosis

Formula

ykurt =
1

N

N∑
i=1

[
yi − ȳ
σ

]4,

with σ the standard deviation, ȳ the average and yi the individual components of a signal
with N data points.

Analysis The kurtosis is influenced by the spread of the signal around the mean value. If a signal
is overall closer to the mean value, the kurtosis is different from a situation in which the
spread around the mean is larger. Changes in the oscillations around the mean and the
magnitudes of these oscillations therefore can be observed using the kurtosis.

Suitability
based on theory

Friction Motor Resonances Disturbances
+ ++ +/- ++

• Root mean square (RMS)

Formula

yRMS =

√√√√ 1

N

N∑
i=1

y2i ,

with yi the individual components of a signal with N data points.

Analysis The root mean square value of a signal is somewhat similar to the variance. It is also
sensitive to variations from the mean value, however the root mean square value is more
sensitive for relatively large variations and less for small variations with respect to the
mean.

Suitability
based on theory

Friction Motor Resonances Disturbances
++ ++ +/- ++
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• Largest Lyapunov exponent

Formula The largest Lyapunov exponent is calculated in a few steps. First, a delayed reconstruction
Y1:N is calculated. Next, for a data-point i, the nearest neighbor i∗ is computed by
searching for the point that minimizes the distance to the particular reference point. The
largest Lyapunov exponent is then calculated for the entire expansion range by:

λ(i) =
1

Kmax +Kmin + 1

Kmax∑
K=Kmin

1

K · Ts
ln
||Yi+K − Yi∗+K ||
||Yi − Yi∗||

,

with Kmin and Kmax representing the expansion range, Ts the sampling time and Y1:N
the delayed reconstructions [12] [13].

Analysis The largest Lyapunov exponent characterizes the rate of separation of nearby phase-space
trajectories. This means that the largest Lyapunov exponent is sensitive for the amount
of chaos in a signal. If a signal is fluent, the Lyapunov exponent differs from a similar but
more erratic signal.

Suitability
based on theory

Friction Motor Resonances Disturbances
+ ++ + ++

• Approximate entropy

Formula The approximate entropy is also calculated in a few steps. Similar to the largest Lyapunov
exponent, a delayed reconstruction Y1:N is computed. Next, the number of points in the
data Ni that are within the radius of similarity R (or tolerance value) is calculated with:

Ni =
∑N

i=1,j 6=k 1(||Yi − Yk||∞ < R).

The approximate entropy is then computed byApEn = Φm − Φm+1,

with Φm = (N −m+ 1)−1
N−m+1∑

i=1

log(Ni) [12].

Analysis The approximate entropy is determined by the regularity in a signal. If the behavior of
a signal is constant over the duration of the signal, the approximate entropy is low. If a
signal has non consistent behavior over time, the approximate entropy is higher. If the
signal becomes less or more irregular, this changes the entropy.

Suitability
based on theory

Friction Motor Resonances Disturbances
+ + + ++

The analysis of the suitability of these features is solely based on the theoretical background. The specific
models and the choice of reference signal influence the actual capabilities of the features to capture a fault
scenario. This theoretical analysis has been done to find generic features that should be useful for fault
isolation and to verify why certain features perform better. Using the models of the mass-spring-damper and
the Simulink model of the wirebonder, the theoretical suitability of the features can be compared with the
suitability derived in a simulated environment. For a complete analysis of the suitability, the features will also
be verified using data from the physical wirebonder set-up of ASM PT in Chapter 8.
Based on this theoretic analysis, the change in the resonances may be the most challenging fault scenario to be
predicted based on the time-based features. The change in resonances is a change in the frequency spectrum
and the system dynamics are only affected around the resonance frequency. The other scenarios are considered
to be captured more easily, with the external disturbances expected to be the easiest to detect.

In order to inspect how sensitive the features really are to the different fault scenarios in the mass-spring-
damper model (described in Section 2.3), the features are extracted from results of simulations of the different
scenarios. The reference signal for this analysis is the multi-setpoint reference signal presented in Section 3.2.3.
The resulting features are normalized and compared with the scenario in which no fault scenario is present.
This is shown in Figure 4.1. On the vertical axis the label of the represented feature in the subplot is displayed,
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Figure 4.1: Normalized values of the different time-based features for the various fault scenarios.

with the normalized response of this feature. On the horizontal axis the different scenarios are displayed with
the corresponding normalized values of the features. In these figures, the horizontal line represents the value
of the feature under the nominal machine health to make the comparison clearer. By using the normalized
features, it cannot be concluded if a scenario can definitively be detected. It does however provide insight into
the sensitivities of the various features to the different scenarios.
From this figure it can be concluded that the analysis based on the theoretical background is mostly in
agreement with the sensitivities of the features observed in the different scenarios. The change in resonances
is the scenario most features are not that sensitive to. The non-linear features Largest Lyapunov exponent and
Approximate entropy however, are relatively sensitive to this scenario. Since most features are not sensitive
to this scenario, this influences the choice for the most relevant features.
Furthermore the motor deterioration and external disturbances seem to have a relatively large influence on
most of the features. The response of the features to the friction is smaller, making selection based on this
scenario fairly relevant for the selection of the most informative features.

The theoretical analysis of the time-domain features shows the features have potential to be informative for
fault isolation. Not all features appear to be suitable for the isolation of all scenarios, but in the set of all
the tested features, every scenario can be distinguished. A proposed sub-set of features that is assumed to be
capable of accurate fault isolation is selected: variance, skewness, kurtosis, RMS, largest Lyapunov exponent
and approximate entropy.

4.2 Frequency-based features

Frequency-based features depend on the frequency content of a signal. Such features are for instance the
mean frequency or the frequency and amplitude of the most dominant frequency in the signal. To obtain
these features, the frequency spectrum has to be analyzed. Therefore, obtaining the frequency-based features
may computationally be more involved, compared to simple time-based features such as the mean of a signal.
Computation of these features is still relatively straightforward. These features are not able to detect how a
signal varies over time, but are only dependent on the frequency content of a signal. This means that effects

35



such as a different mean value might not be detectable. The features can however detect changes in the
resonances which are hard to detect using time-domain features. Changes in resonances are some of the more
occurring indicators of deterioration in for instance ball-bearings [14].
For the analysis of the frequency-based features selected in [11], their theoretical background is considered
first. For the theoretical analysis of the frequency content of the signal, the time-domain signal is converted to
a frequency-domain signal. Based on the sampling frequency and length of the signal, this results in a discrete
frequency range with frequency-steps of the size of the sampling frequency. This sampling frequency is set to
8000 Hz, corresponding to the sampling frequency of the physical and modelled wirebonders. For each of the
frequency bins, the power spectral density is computed by means of a Fourier transform of the time-domain
signal. The resulting frequency signal f with the individual components fk and the corresponding power of
these frequency bins Ik are used to compute the frequency-based features. The total amount of frequency bins
is indicated by M .

• Mean frequency

Formula

fmean =

M∑
k=1

(Ii · fk)

M∑
k=1

Ik

,

with Ik the power of the frequency bins fk.

Analysis The mean frequency is the mean normalized frequency of the power spectrum of the time-
domain signal. If the dominant frequency content changes, this changes the mean.

Suitability
based on theory

Friction Motor Resonances Disturbances
++ + + ++

• Frequencies with the highest power

Formula f(argmax(Ik)),
with Ik the power of the frequency bins fk.

Analysis The positions of the highest peaks in the power spectrum change if the dominant frequen-
cies change or if a different frequency peak is more excited.

Suitability
based on theory

Friction Motor Resonances Disturbances
+/- - +/- +

• Magnitude of the power of the frequencies with the highest power

Formula max(Ik),
with Ik the power of the frequency bins fk

Analysis The heights of the largest frequency peaks change if the dominant frequency is less or more
excited

Suitability
based on theory

Friction Motor Resonances Disturbances
+ ++ + +

This analysis is, similar to the analysis in Section 4.1, only based on the theoretical background. Suitability
for the mass-spring-damper and wirebonder model still have to be verified. A first analysis of the suitability is
again performed by inspecting the sensitivity of the features to the different fault scenarios in the mass-spring-
damper system. This is again done by looking at the normalized response of the features for the individual
scenarios. The features are obtained from the position error of the mass-spring-damper model, similar to the
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Frequency features

Figure 4.2: Normalized values of the different frequency-based features for the various fault scenarios.

analysis in Section 4.1. This analysis is shown in Figure 4.2. Regarding the frequency peaks, the frequency and
magnitude of the two largest peaks (the two frequencies with the highest power) have been taken into account.
This is chosen such that the analysis using these features remains as generic as possible. More peaks can be
used and might detect faults better, but this increases the possibility that the analysis will be dependent on
the used models. Inspecting only the two largest peaks ensures genericity.
From this analysis it can be concluded that the selected frequency features are the most sensitive to changes
in the motor force constant. This scenario clearly causes difference in all features. The change in friction has
more effect on the height of frequency peaks and the mean frequency. The effect of the scenario in which
the resonances are changed does not show a significant difference in the features, compared to the effects
caused by the other scenarios. This is also true for the values of the features in the scenario with implemented
disturbances. Since only the largest two peaks and the mean are inspected, the analysis is dominantly based
on the large low-frequency peaks in the frequency spectrum of the error signal. More energy is present in
this frequency range. Normalizing the feature response therefore reflects the higher sensitivity to the fault
scenarios that affect the system in this frequency range.

Based on the theoretical analysis of the frequency-based features, it cannot be concluded how well the features
will perform for the isolation of the fault scenarios. It has been shown that the magnitude of the frequency
peaks appear to contain more information for fault isolation. Therefore the sub-set of features that is expected
to be of the most value according to the theoretical background is determined: the mean frequency and the
magnitude of the two largest frequency peaks.

4.3 Time-Frequency features

In the previous sections, features based on the time signal or the frequency content of this signal have been
discussed. Next to these features, a third category can be obtained: time-frequency features. These features
are frequency features characteristic to some specific time slots. These types of features make it possible to
detect frequency changes that do not occur throughout the signal, but only influence the system for a short
period of time. The downside of the time-varying features is that these can be very specific for a single
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system. The settings for the extraction of such features, such as the used time window, might work well for
one individual system, but not for another. The genericity is not ensured and it could require elaborate testing
to get to the optimal settings for a system. Furthermore, if a slight variation in the signals is present in the
analyzed data, this can affect the analysis based on the time-frequency features. This makes the analysis less
robust than with the simpler features. If the conditions remain constant however, creating a generic approach
to set-up the extraction of the time-frequency features could still be highly relevant.
The benefits of the time-frequency features are that the features contain much more information about the
ad-hoc system characteristics. Trends in a system or phenomena that only occur for a short time can still be
captured. Therefore, these features seem appealing, but for a generic analysis using these features, the lower
robustness has to be taken into account.

In this section, the time-frequency features are discussed by looking into two methods of obtaining these fea-
tures. First, in Section 4.3.1, windowed features are presented. These are regular frequency features applied
to windowed fractions of the full analyzed time-signal. Secondly, in Section 4.3.2, the obtaining of time-
frequency features using the wavelet transform [15] is discussed. The wavelet transform is an alternative to
the well-known Fourier transform. It makes use of wavelets to describe the signal, which are finite oscillating
signals that begin and end at zero value. The transform describes the signal by a set of scaled and shifted
wavelets. This shifting and scaling of the wavelets provides information on time-localized frequency content of
the signal. The analysis of a signal based on these wavelets therefore is a time- and frequency-sensitive analysis.

Next to these time-features also other approaches are possible such as the Hilbert-Huang transform [16] and
several other spectral features. For this research, the target is to determine generic features with a limited
computational effort [11]. The spectral features require image processing, which is much more demanding and
therefore not of interest for this study.

4.3.1 Windowed frequency features

The first types of time-frequency features that are reviewed, are the windowed frequency features. By per-
forming a frequency analysis on a windowed time signal, time-dependent frequency behavior can be isolated.
This offers the possibility of a more detailed description of the machine health. Sections of the time signal
that contain no information about the machine health do not have to be taken into account when performing
fault isolation. Since the spectral kurtosis has shown to be effective in earlier studies [17], this time feature is
also calculated for the individual windows to approach the spectral version of this feature.
For this type of features to be effective, a correct window size should be selected. This makes the features less
generic, but might offer solutions if the time or frequency features do not perform well enough. For this study,
a window size has been chosen which divides the time signal into 100 sections. This size has been chosen to
test the potential of the windowed features. A number of 100 steps is sufficient to divide the position error
time-signal into windows that can provide time-localized analysis.
The additional information gained by using a windowed time signal is illustrated in Figures 4.3, 4.4, 4.5 and
4.6. For illustrative purposes, five windows are used for the analysis of the multi-setpoint reference trajectory,
which is explained in Section 3.2. The figures show the normalized response of different features that are
specified in the figure captions at the top of each figure. The different sub-figures show the responses of that
feature in the individual windows.
These figures illustrate the difference in sensitivity of the features to the different windows. For the different
windows, the responses of the individual features vary. The same feature can respond to a scenario much
stronger in one time window and much less in a different window. The informativeness of the features with
respect to different scenarios thus depends on the used window. This makes it possible to differentiate between
scenarios better when using time windows in which the response for these scenarios is noticeably different. By
combining the information obtained from the different windows, a more detailed analysis of the entire signal
can be performed.
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Figure 4.3: Normalized mean frequency of the indi-
vidual windows for a reference trajectory divided into
5 windows.
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Figure 4.4: Normalized frequency feature response
of the individual windows for a reference trajectory
divided into 5 windows.
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Figure 4.5: Normalized frequency feature response
of the individual windows for a reference trajectory
divided into 5 windows.
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Figure 4.6: Normalized feature response of the indi-
vidual windows for a reference trajectory divided into
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Figure 4.7: Morlet wavelet.

4.3.2 Wavelets

The second type of time-frequency features that is explored are wavelet features. Wavelets are waveforms of
effectively limited duration that have an average value of zero and nonzero norm. A wavelet can be described
as a short-term vibration with one dominant center frequency [15]. The finite character of wavelets makes it
desirable to describe signals that do not have smooth, continuous behavior. A wavelet is a ”small wave”, which
has its energy concentrated in time to give a tool for the analysis of transient, non-stationary, or time-varying
phenomena. It still has the oscillating wave-like characteristic but also has the ability to allow simultaneous
time and frequency analysis with a flexible mathematical foundation [18]. A common wavelet shape is the
Morlet wavelet [15], shown in Figure 4.7.
Wavelets can be shifted and scaled in order to fit to a signal. Using combinations of wavelets, signals can be
represented very accurately. In addition, wavelets can have multiple kinds of shapes for different purposes.
Time-limited behavior or trends within longer signals can for instance be less well described by normal sine
wave decomposition (as used in the Fourier transform) since such signals are infinite in time. Images often
have hard edges and such instantaneous behavior is hard to resemble using normal combinations of sinusoids.
Wavelets therefore offer a promising approach to describe the effect on signals due to the fault scenarios
considered in this report. This has been confirmed in a previous research study on the potential of using
wavelets for fault isolation in the wirebonder machines [19].
In this study, the wavelet scattering transform is used to obtain features of a signal. The wavelet scattering
transform processes the data in different frequency bands such that detailed information can be obtained of
both high and low frequencies. Wavelet scattering (or scatter transform) generates a representation that’s
invariant to data rotation/translation while being stable to deformation, so uninformative variabilities in your
data are discarded [20].
The wavelet scattering approach is performed in this research using the Wavelet Toolbox of Matlab [21]. The
wavelet scattering transform is performed using specified scaling functions in multiple stages [22]. Effectively
this is the scaling and shifting of the wavelets to fit a signal. The workflow of the wavelet scattering algorithm
is shown in Figure 4.8. Each step in this scattering transform evaluates a signal using wavelets of a decreasing
time-span. In the process of the convolution and scaling, information is lost, but because of the set-up of
the algorithm, this information is retrieved in the next stage. The composition of the scattering framework
depends on the amount of stages, the number of wavelets per octave in these stages, the length of the processed
signal and the amount of oversampling. The original signal is split up into time-windows depending on the set
invariant scale, the length of the signal and the amount of oversampling. The scattering framework is applied
to each of these time-windows, shown in the figure as g. For each of the steps, the windowed signal is evaluated
using a set of wavelets with different center frequencies, ψ1,n. The number of wavelet filters in the stages of
the framework follows from the number of octaves in the data and the chosen number of wavelets per octave.
The processed signal is used in the next stage to extract information for different frequencies. The same signal
is also filtered with filter banks φJ corresponding to the used wavelets, resulting in scattering coefficients at
each of the nodes in the scattering transform. The filter banks are created for each of the stages with the
scaling functions. An example of the created filters for an analysis of a data set is shown in Figure 4.9. The
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Figure 4.8: Wavelet scattering transform algorithm workflow.

Figure 4.9: Example of a set of wavelet filter banks.
Figure 4.10: Single wavelet with the corresponding
scaling filter.

settings used to create the filter banks are set to a sampling frequency of 200 Hz, invariant scale of 1 and use
of 2 stages with respectively 8 and 1 wavelet per octave. The scaling function interacts with the wavelet as
shown in Figure 4.10.
From the wavelet scattering decomposition, a feature matrix of a signal can be derived. The scattering
coefficients from the scattering framework applied to the data are combined to create one feature matrix
containing the features of the signal. This way, the presence of different frequencies in the windows can be
evaluated using only a matrix of coefficients. The number of columns in the matrix is based on the resolution
of the scattering coefficients, while the number of rows is based on the number of resolutions across all orders
of the scattering transform [23].
The resolution of the scattering coefficients is based on the paths in the scattering transform. The number of
paths depends on the number of wavelets used to describe a system and the number of steps. The number of
resolutions across all orders of the scattering transform is based on the number of scattering time windows.
The settings for the scattering framework in this research are the default ones derived by Matlab in the
Wavelet Toolbox [21]. This choice is made because tailoring of the settings to specific use cases considered in
this research would result in a custom scattering framework, which is not in line with the generic approach
of this study. The default settings for the scattering framework use two processing stages, with respectively 8
and 1 wavelets per octave. The oversampling is set to zero and the invariant scale is half of the signal length.
To better understand the wavelet features in the feature matrix, these wavelet features are extracted from the
error signal of the mass-spring-damper system following the multi-setpoint reference trajectory under feedback
and feedforward control. The scattering framework used in this case study, has the simplest settings. This
framework first analyzes the full signal for various frequency filters as shown in Figure 4.11. In this figure, on
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Figure 4.11: Position error in X-direction (left) with the corresponding frequency plot (right) including the
used wavelet filter banks (dashed).

the left hand side the signal is shown and on the right hand side the frequency content of this signal for each
of the scenarios. The dashed lines in the frequency plot show the filters corresponding to the used wavelets.
Next, the signal is windowed and for each of the windows again the filters are applied in the wavelet algorithm.
The resulting windows of the signal and the corresponding frequency plot are shown in Figure 4.12.
For a further analysis, the informativeness of the wavelets features is inspected. This is done using the tech-
nique explained in Chapter 7, taking into account the informativeness for all the fault scenarios. Using this
technique, it is observed that the most informative features are the 7th, 21th, 13th , 16th and 9th parameters
in the feature matrix. The corresponding filter banks in Figures 4.11 and 4.12 show the range in which these
features are obtained. From this analysis, it can be seen that the best performing features seem to have a
preference for the motion with the most power (the begin of the signal, corresponding to the 8mm motion).
In the corresponding windows, the selected features are mostly the features corresponding to the higher fre-
quencies, being able to better capture also the high frequent change in resonance scenario. The power in the
frequency range in which the fault scenario affects the system is not very large, but because of the set-up of
the wavelet scattering transform, this effect can still be captured.

This analysis shows the potential of the wavelet features. Even small effects can be captured using a simple
scattering framework. The wavelet features are sensitive to changes in time and frequency. The relevant
wavelet features therefore contain a lot of information about the machine health. This however also shows the
downside of the wavelet features. For different signals, different wavelet features are relevant. Slight changes
can result in very different features to be relevant. Using the full feature matrix, the analysis might still be
correct, but this also means analysis of the machine health has to be done with a relatively large feature set.

4.4 Conclusions on the analysis of different signal features

In this chapter, multiple different signal features are critically reviewed. This has been done based on the the-
oretical background of these features. To validate the conclusions from the theoretical analysis, the responses
of the features to the fault scenarios are analyzed. This has been done for three types of features: time, fre-
quency and time-frequency features. The time and the frequency features are typically more computationally
advantageous and robust. The time-frequency features offer an approach to extract more detailed information
from a signal. However, since these features are very specific to particular segments of a time-domain signal,
this also means the features are susceptible to minor changes in the reference trajectory. Furthermore, the
individual features that are the most informative in the sets features that are obtained in each time-frequency
analysis can strongly vary. Therefore, if the simpler time or frequency features are able to accurately isolate
the fault scenarios, these features are preferable. The time and frequency features that have been analyzed to
be the best candidates for accurate fault isolation are: variance, skewness, kurtosis, RMS, largest Lyapunov
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Figure 4.12: Position error in the X-direction of the windowed signal (first and third column) with the corre-
sponding frequency plots (second and fourth column) including the used wavelet filter banks (dashed).

exponent, approximate entropy, the mean frequency and the magnitude of the two largest frequency peaks. The
method to obtain the time-frequency features that is analyzed to be the best candidate for this approach is
the wavelet transform.
In Chapter 7, the features will be assessed based on their informativeness. Combining this with the analysis
in this chapter, the best generic features can be obtained for the best performing fault isolation. For this
analysis, classification models based on the signal features have to be created for the isolation of the different
scenarios. The performance of the classification models using different sets of the features, shows the usability
of these feature sets. Therefore, in Chapter 5 the best suited classification model type is selected and the
performance criteria are set. In Chapter 6, the performance of the selected type of classification model using
the obtained feature sets are evaluated in the simulation environment.
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Chapter 5

Classification models

In the previous chapters, signal features are described, analyzed and obtained. It has been shown in Chapters
3 and 4 that the fault scenarios have a different effect on the machine signals and that the signal features
react differently to these scenarios. This makes it possible to build a classification model to identify faults
in measured signals. In order to identify known types of fault scenarios, supervised learning is used. With
this technique a model is trained with data that has been labelled with the corresponding scenario. Using
unsupervised learning there would be no need for the labelling of the data that is used to create the model,
but consequently the model creates its own classes. Therefore, with the scope on fault isolation and detection,
supervised learning is used.
The classification models are created by training a model with a training-set of data. To verify the performance,
the resulting model is tested with a test-set of data. These data-sets are created by splitting the available data
into the training and testing sets. In this study, the default percentage of data that is used for testing is 80%.
The performance of the classification of a test-set can be visualized using a confusion plot. This plot shows
the predicted and actual class of each of the runs in the test-set. This is displayed as a matrix as presented
in Figure 5.1. If a run in the data represents a certain scenario and the classification model also classifies
the data as the same scenario, the prediction is a true-positive classification. Correct predictions are located
at the diagonal of the matrix, wrong predictions (”false classification”) result in off-diagonal terms. In the
confusion matrix the results of the comparison for each of the tests are combined to show the result of the
entire classification test. For a perfect classification this means the off-diagonal should only show zeros. The
matrix as shown in Figure 5.1 can be expanded to correspond to the different fault scenarios that are classified
in the classification model.

Numerous different types of classification models can be used. In [11], a number of these models have been
selected to be possibly suitable for this study. In Section 5.1 these classification models are analyzed to
obtain the best suited type of model. For the quantification and comparison of the results obtained from
the classification models, the performance of these models has to be assessed. A number of criteria can be
evaluated for performance evaluation. In [11] a selection of possible performance assessors has been obtained.
The best set of performance criteria is derived in Section 5.2.

5.1 Best suited classification model

A selection of possible classification models is done in this section. The classification models that are considered
are: decision tree, linear discriminant, logistic regression, k-nearest neighbor, naive Bayes, fuzzy C-means,
quadratic discriminant, support vector machines, artificial neural network and dynamic wavelet neural network
[1] [24] [25]. From this list, the neural networks are eliminated. Setting up a neural network requires in-depth
know-how of neural networks. Furthermore, the neural networks have to be tailored to achieve the optimal

Figure 5.1: Confusion matrix.
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results. Since features have already been obtained from the signals, the neural networks do not offer much more
possibilities. Neural networks are mainly advantageous for the processing of full time-series data. The fuzzy
C-means technique is also not taken into account since this technique is in particular designed for unsupervised
learning. Since the desire is to isolate the known faults, this method is discarded.
The remaining classification models have been compared based on a theoretical analysis and by testing their
performance on the simulation data. The theoretical analysis of the classification models can be found in Ap-
pendix A and from this analysis it is concluded that the support vector machines (SVM) classification model
seems to be the best suited type of model. The SVM models are robust, efficient and achieve high accuracies
in both high- and low-dimensional data-sets [1] [26]. The capability of classifying overlapping data-sets makes
it possible to use this model for scenarios with a small fault magnitude, close to the nominal machine health.
SVM models are furthermore also already used by ASM PT in research related to this subject. Using the
Classification Learner App of Matlab [27] the candidate classification models have all been compared to assess
the performance with respect to this research. The app creates a classification model for all the different types
of models and shows the performance for all these models. The different models have been assessed for both
the mass-spring-damper system as well as the wirebonder model. The features that have been used to create
the classification models are the full set of features that have been derived in Chapter 4 and the pre-selected
set of features as described in Section 4.4. The results of the comparison in the Classification Learner App
are shown in Appendix B. The resulting accuracy of the classification models show that the SVM models
are suitable for this study. The accuracy for SVM model is the highest for the mass-spring-damper system
data, for both the situation in which all features are used, as well as the model trained using the pre-selected
features. The SVM model classifying simulation data from the wirebonder machine also achieves the highest
accuracy of all models. Combining this result with the theoretical preference shows the SVM model is the
best suited classification model and is used in this study.

5.2 Performance criteria

The best performing type of classification model has been selected based on the accuracy of that model. For
a better comparison of the performance of the classification of the different fault scenarios however, other
performance criteria can also be used. The confusion chart and the sections in this matrix, can be used to
evaluate the performance. The sections in this matrix, as shown in Figure 5.1, can be labelled with four types
of observations: true positive (TP), true negative (TN), false positive (FP) and false negative (FN). Using
the observations for each of the sections, performance criteria can be obtained. A popular and widely used
performance indicator is the F1-score. The F1-score is the harmonic mean of the precision and sensitivity:

F1 =
2 · TP

2 · TP + FP + FN
. (5.1)

This measure has a higher sensitivity to the false positives and the false negatives while the accuracy focuses on
the true positive and true negative. If data corresponding to one specific scenario is more present in a data-set
used for classification, it is possible that the accuracy is high while a different, underrepresented scenario can
be badly identified. Focusing more on the false positives and false negatives, the performance can be assessed
better.
A third informative performance criterion is the Matthews Correlation Coefficient:

MCC =
TP · TN − FP · FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
. (5.2)

The Matthews correlation coefficient (MCC), is indicated to be a more reliable statistical rate. A high score
for a certain test-set is only obtained if the prediction shows good results in all of the four confusion matrix
categories (true positives, false negatives, true negatives, and false positives), proportionally both to the size
of positive elements and the size of negative elements in the dataset [28].
Besides these criteria, the false positive rate (FPR) is taken into account:

FPR =
FP

FP + TN
. (5.3)
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The false positive rate is the only category in the confusion matrix that will be taken into account directly. This
has been chosen since the magnitude of the fault scenarios in this study also incorporate small faults. These
faults can be small enough not to affect the performance in such a manner that action should be taken. Since
it is highly undesirable to stop a machine for unnecessary maintenance, this criterion is taken into account.

5.3 Conclusions on the classification models

From the analysis based on the theoretical and simulation results, it has shown the SVM model is the best
suited. The SVM models are robust, capable of processing large feature sets and are able to classify data in
overlapping data-sets. The classification models are assessed on their performance using accuracy, F1-score,
MCC and FPR rate. In Chapter 6, the performance of the classification models - using different sub-sets of
features - in the simulation environment is assessed.
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Chapter 6

Simulation studies of the machine health
classification and fault isolation

In Chapter 3, the effects that different fault scenarios have on the system dynamics, have been analyzed. Based
on this analysis, in Chapter 4, numerous features have been reviewed on their ability to capture these scenar-
ios. By combining this with the analysis on the best suited classification model in Chapter 5, the complete
workflow for machine health classification and fault isolation is addressed. This workflow is evaluated in this
chapter in simulations using the system models presented in Sections 2.3 and 2.2. By means of simulations,
the results of the theoretical analysis can be verified. This verification is done both for the generic system
model describing the dynamics of a mass-spring-damper as well as for the benchmark multibody model of the
AB383 wirebonder produced by the ASM PT.

The workflow for the machine health classification and fault isolation is presented in Section 6.1. This workflow
is used to generate a classification model for machine health monitoring and to test the predictive performance
of these models. This is done in Section 6.2 for the mass-spring-damper system and in Section 6.3 for the
simulation model of the wirebonder.

6.1 Workflow for the machine health classification and fault isola-
tion

The first step towards creating a classification model for the machine health monitoring and fault isolation,
is to generate a labelled data-set for the various fault scenarios that have to be captured by the classification
model. In this research, this is done by means of a number of simulations of the considered systems under
the nominal operational conditions and when subject to the four fault scenarios. For each fault scenario, the
magnitude of the fault in the system is increased from a minimal to the maximum level of severity. This
maximum fault magnitude for the fault scenarios is derived in Section 3.1. From the smallest to largest
fault magnitude, 25 steps are used. For an overview of the considered faults, the smallest and largest fault
magnitudes are displayed in Table 6.1. For the wirebonder resonance frequency, a sequence of frequency peaks
are present in the range of 400 Hz - 2000 Hz. In the table, the change in the first peak is displayed.

Table 6.1: Fault severities in the simulation environment.

Nominal Smallest fault Largest fault
Friction 100% 108% 300%
Motor force constant 1 0.996 0.9
Resonance frequency (mass-spring-damper) 833 Hz 829 Hz 735 Hz
Resonance frequency (wirebonder model) 485 Hz 484 Hz 470 Hz
Amplitudes of the external disturbance signal
(percentage of the maximal input force)

0% 0.04% 1%

This set of simulations is ran using the two system models with the reference trajectory presented in Section
3.2.3. In all the simulations, the complete multi-setpoint is used. In this way, the different fault scenarios can
be evaluated in the different frequency ranges corresponding to the motions in the reference setpoint profile.
The use of the same reference trajectory in all simulations makes it also possible to compare the results of the
features for the different fault scenarios and magnitudes. A consequence of this choice is that the resulting
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features can become specific to the particular reference trajectory and less robust to slight variations. This
has to be taken into account when assessing the performance of the features that are time localized.
For each of these simulations, the machine signals are logged. The simulation results are labelled and for each
simulation, the features of the machine signals are obtained. This results in a data-set of the features obtained
in the simulations. The different types of features in one set of features of a single simulation is then split
for the different types of features. Keeping this division makes it possible to compare the performance of the
types of features.
The feature sets are then split into a training and testing batch. The default amount of data used for training
is 80%. The training data is obtained by randomly selecting the set percentage from the total data. The
random split is performed per scenario in order to create training and testing sets with the different scenarios
represented in the same quantity. Using the labelled training feature sets, the SVM classification models are
created. The choice for the SVM classification models is explained in Chapter 5. The models are designed to
differentiate between all the scenarios in the same model.
The test data are not used to create the models, but to analyze the predictive performance of the classification
models. In order to take into account the effects of the random split of the data into a training and testing set,
this is performed ten times and averaged to assess the performance. For this performance analysis the criteria
are used that are described in Section 5.2: accuracy, F1-score, Matthews correlation coefficient (MCC) and
False positive rate (FPR).

6.2 Mass-spring-damper model results

The performance analysis of the fault isolation is performed using the generic mass-spring-damper model. For
the different sets of selected features, the performance results are presented in Table 6.2. The different sets are
used to investigate their informativeness and influence on classification performance. The time and frequency
features are the more generic options and from earlier studies the wavelet parameters show an appealing
potential. Therefore these feature sets are analyzed separately. To compare this, a classification model is
created using all obtained features. Finally, the performance of the features that have been selected based on
their theoretical analysis is investigated such as to verify soundness of their selection. These features (referred
to as the pre-selected features) are obtained in Chapter 4 and consist of the features: variance, skewness,
kurtosis, RMS, largest Lyapunov exponent, approximate entropy, mean frequency and the magnitude of the
two largest frequency peaks.

Table 6.2: Performance of the fault classification achieved using the mass-spring-damper model.

Feature set Accuracy F1-score MCC FPR

Time & Frequency 98% 0.98 0.97 0.01
Wavelet 96% 0.96 0.95 0.01
All features 98% 0.98 0.98 0.00

Pre-selected 99% 0.99 0.99 0.00

The results of the test of a classification model can be further inspected using a confusion plot as shown in
Section 5.1. An example of a confusion plot representing a classification model test with 96% accuracy is
shown in Figure 6.1. In this figure, one data-set from the simulations of external disturbances affecting the
system is falsely classified to belong to a fault scenario where the resonance has changed.
From these results it can be concluded that for all the different feature sets, a high performance classification
model can be created. Since the SVM model is able to process large feature sets, the performance of the
classification model is high for the large feature sets containing all features. The performance of the pre-
selected feature set, however, performs even better. In Chapter 7, the informativeness of the features in these
sets are explored more in-depth. Finally, a side-note has to be made, the wavelet scattering framework is not
manually tuned for the highest performance since this does not agree with the goal of a generic analysis.
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Figure 6.1: Confusion chart of a classification test using the data obtained in simulations of the mass-spring-
damper model.

6.3 Wirebonder simulation model results

A performance analysis similar to the one performed on the mass-spring-damper model, is also conducted on
the model of the ASM PT wirebonder. The results of the predictive performance of the resulting classification
models are presented in Table 6.3.

Table 6.3: Performance of the fault classification achieved using the wirebonder simulation model

Feature set Accuracy F1-score MCC FPR
Time & Frequency 98% 0.98 0.98 0.00

Wavelet 96% 0.96 0.96 0.01
All features 97% 0.97 0.97 0.01

Pre-selected 98% 0.98 0.98 0.00

The performance analysis using the AB383 wirebonder model confirms again feasibility of the generic approach
towards fault isolation. Using the data obtained in the simulations of the wirebonder, high classification
performance is achieved. Furthermore, the performance of the different subsets of features is in line with
the performance achieved with these same subsets in simulations of the mass-spring-damper model. The
classification using the pre-selected features outperforms the classification performance achieved using the
other sets of features. This shows that the performance of the classification model based on all features, is
affected by non-relevant features. By taking into account only a balanced and argumented feature set, the
performance is increased. The informativeness of the features extracted from the data-sets obtained in the
wirebonder simulations, will also be inspected in Chapter 7. To further validate these results, in Chapter 8
the similar analysis is conducted using the data measured on the physical AB383 wirebonder.

6.4 Conclusions on the simulation results

In this chapter, the fault isolation performance results are presented that have been achieved in simulations of
a generic mass-spring-damper model and model of the AB383 wirebonder produced by the company ASM PT.
The performance of fault isolation achieved with each model is evaluated with different sets of features in order
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investigate their informativeness. From this analysis it follows that the highest classification performance is
achieved using the pre-selected features. This holds for both the mass-spring-damper model as well as the
wirebonder model. The classification based on the data set containing all features achieves a high performance,
but due to a large number of features in this model, irrelevant features can influence the performance. This
negative influence due to irrelevant features can be seen in the comparison of the performance using the small
subset of pre-selected features compared to the classification performance created using all features. The
features in the pre-selected set of features are also present in the feature set containing all features, but the
classification using the smaller feature set results in a higher performance. This shows that the complete set
of features contains features that are not informative for the classification, but are taken into account in the
model. The smaller feature set that is needed for the classification, is additionally advantageous regarding the
computational requirements for the use of this smaller set.
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Chapter 7

Feature selection

Multiple types of features have been analyzed for the purpose of fault isolation. Based on the theoretical
analysis, the suitability of these features is evaluated. In order to further inspect the relevance of the features,
in this chapter the informativeness of these features is determined. By analyzing their informativeness, the best
suited features can be selected and a smaller feature set can be determined. This reduces the computational
load, the redundancy and the possibility of performance decrease due to influences of non-relevant features.
For the evaluation of the informativeness of the features, several different methods are considered. In the
previous report [11], model reduction using the random forest method [29] has been suggested. Besides this
technique, two other methods have been explored: the Minimum Redundancy Maximum Relevance (MRMR)
technique [30] and the ReliefF algorithm [31]. In Section 7.1, these techniques are discussed and evaluated.
To verify these results, the methods are applied and compared in Section 7.2. The conclusions on the infor-
mativeness of the features are drawn and the best suited feature selection techniques are presented in Section
7.3.

7.1 Feature selection techniques

For the selection of the most informative features, several options are available [29]. Model reduction techniques
can be applied, which are used to reduce the order in all kinds of models. A large amount of these techniques
however, such as the principal component analysis, transform the model into a reduced order representation
by creating new features in the process. Since the aim is to evaluate the informativeness of the existing
features, this approach is not suitable. Several other methods furthermore, are based on principles that are
not applicable to the data used in this research, such as eliminating features with missing values. A model
reduction technique that can be used for this purpose is the random forest model reduction technique. This
technique is presented in Section 7.1.1. The other two techniques, the Minimum Redundancy Maximum
Relevance algorithm [30] and the ReliefF algorithm [31], are explained in Sections 7.1.2 and 7.1.3, respectively.

7.1.1 Random forest

In the random forest method, an ensemble of shallow trees is used. A large and carefully constructed set of
trees is generated against a target feature and then each feature’s usage statistics is used to find the most
informative subset of features. A set of very shallow trees is generated, with each tree being trained on a
small fraction of the total number of features. If a feature is often selected as best split, it is most likely an
informative feature to retain. The number of times a feature is selected to be the best split and the level in
the tree in which this feature is selected, determine the score for this feature [29].

7.1.2 Minimum Redundancy Maximum Relevance (MRMR) Algorithm

The MRMR method aims to find the most relevant features while minimizing redundancy. In this way, it
is possible to obtain the smallest subset of features with a high relevance. Redundant features are removed
from the set of optimal features even though they can have a high relevance. Having multiple features with
a relevance to a single aspect only does not have added value. The algorithm quantifies the redundancy
and relevance using the mutual information of variables—pairwise mutual information of features and mutual
information of a feature and the response [30] [32].
The algorithm first targets the feature with the highest relevance. The other features are compared with this
feature regarding the redundancy. From the non-redundant feature, or features with the lowest redundancy
if no non-redundant features are present, the feature with the highest relevance is selected. The remaining
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features are again evaluated regarding the redundancy and the previous step is repeated. This process is
repeated until the relevance in the remaining set of features is zero for all of these features.

7.1.3 ReliefF

The Relief algorithm of which the ReliefF is an extension, is based on the idea of how well features are at
distinguishing classes that are near each other. The feature responses are compared with its two nearest
neighbors, of which one is of the same class and one of a different class. A well performing feature should
react differently to different classes, but similar for instances in the same class. The features are scored by
comparing the differences between the values of the features for these two neighbors [31].
The Relief algorithm is designed for processing only two separate classes, the ReliefF algorithm is an extension
to this algorithm that is capable of processing multiple classes. The algorithm in this extension searches for
the nearest neighbor in the same class and a nearest neighbor for all other classes. The approach still remains
the same as for the Relief algorithm, resulting in a score for each feature showing how well these features
perform with regard to differentiating between the separate classes [31].

7.1.4 Best suited feature selection technique

For the evaluation and selection of the features, the random forest is the least suited. The algorithm is less
robust and does not offer the additional capabilities of the other two methods. For the evaluation of individual
features, the ReliefF algorithm offers the best analysis. By looking into the capability to differentiate between
different classes, a more in-depth analysis is possible about the informativeness of the features. For creating
a subset of features for optimal fault isolation however, the MRMR technique offers a better solution. The
ReliefF algorithm does show the informativeness of single features, but by reducing the redundancy, a small
subset of features obtained using the MRMR method outperforms a similar size subset obtained using the
ReliefF algorithm [33].

7.2 Feature selection analysis in the simulation environment

For the analysis of the features presented in Chapter 4 and for the selection of a sub-set of features that can be
used for efficient and accurate fault isolation, the ReliefF and MRMR techniques are applied to the simulation
data. This is done first for the more generic mass-spring-damper model in Section 7.2.1 and subsequently for
the model of the wirebonder machine in Section 7.2.2.

7.2.1 Mass-spring-damper model feature selection

For the analysis of the informativeness of the features in the mass-spring-damper model, the feature selection
methods have been applied to the data obtained in the simulations using this model. This is done for both the
complete set, as well as the sub-set of features corresponding to the time and frequency features. By analyzing
the set of features containing only these two types of features, the features can be compared to the result of
the feature selection applied to the entire feature set. As analyzed previously, these two types of features are
more generic and therefore the performance of these features is highly relevant. Furthermore, the selection of
the features based on their theoretical background, as done in Chapter 4, can be verified since these are all
time or frequency features.
The ReliefF algorithm is used first to find out which individual features are the most informative. Secondly,
the MRMR algorithm is used to create small subsets of features. The performance of the classification models
built using these subsets is compared with the performance of the classification models that are built with the
full feature sets.

The ReliefF analysis of the time and frequency features obtained from simulations using the mass-spring-
damper model shows that the most informative feature is the largest Lyapunov exponent. According to the
analysis, this feature is the best at differentiating between scenarios. Secondly, the features describing the
frequencies of the two highest peaks in the frequency domain showed to be highly informative in this model.
This result was not expected in the theoretical analysis. For these frequency peaks, it also has to be taken into
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account that slight changes in the motion trajectory can influence these peaks, but for this test in which the
reference motion trajectory is exactly the same for all simulations, the features can be used for fault isolation.
Following these features, the variance scores relatively well regarding the informativeness. After this, the
differences in informativeness of the features are quite small. A table of the feature ranking and their weights
can be found in Appendix C.
Next, the full set of the features is analyzed using the ReliefF algorithm. An overview of the twenty best
ranked features is shown in Appendix D. This analysis shows that the windowed features contain the most
information. This is not surprising since the windowed features contain much more details of the signal. As
mentioned in Section 4.3, however, these features are less robust compared to the simpler time and frequency
features.

In order to investigate how the reduction of the feature set influences the classification performance, the MRMR
algorithm is used to select subsets of the features. These subsets are then used for classification to compare the
performance. In this analysis, the training and testing data are exactly the same for the classification models
of the different feature subsets. The resulting performance results of these reduced subsets for different types
of features are presented next. The performance is investigated using the performance criteria as given in
Section 5.2. Table 7.1 shows the performance of the classification models using all features and using different
sizes of feature subsets. Table 7.2 shows the performance of subsets of all features and Table 7.3 shows the
classification performance for subsets of the features that have been selected based on the theoretical analysis.
These performance criteria show the average response of the criteria for 10 runs. This is done because the
available data is randomly split into the training and testing data.

Table 7.1: Classification performance for subsets of the time and frequency features

All Best 1 Best 3 Best 5 Best 7 Best 9

Accuracy 99.6% 91.6% 96.8% 95.2% 93.2% 99.2%
F1-score 1.00 0.91 0.97 0.95 0.93 0.99

MCC 1.00 0.90 0.96 0.94 0.92 0.99
FPR rate 0.00 0.02 0.01 0.01 0.02 0.00

Table 7.2: Classification performance for subsets of all features

All Best 1 Best 3 Best 5 Best 7 Best 9

Accuracy 99.2% 80.3% 66.0% 88.7% 95.2% 96.4%
F1-score 0.99 0.75 0.62 0.88 0.95 0.96

MCC 0.99 0.74 0.62 0.87 0.94 0.96
FPR rate 0.00 0.13 0.10 0.03 0.01 0.01

Table 7.3: Classification performance for subsets of the pre-selected features

All Best 1 Best 3 Best 5 Best 7 Best 9

Accuracy 99.2% 90.0% 96.8% 97.6% 99.2% 99.2%
F1-score 0.99 0.89 0.97 0.98 0.99 0.99

MCC 0.99 0.88 0.96 0.97 0.99 0.99
FPR rate 0.00 0.02 0.01 0.01 0.00 0.00

This analysis shows that it is possible to obtain an accurate classification using a subset of features. Especially
for the feature set of the pre-selected features, it can be observed that a reduction of the number of features
does not necessarily cause a decrease in the predictive performance but can even have the opposite effect and
result in an increase of the classification performance. This is certainly positive since reduction of the number
of features is advantageous with respect to the computational load required for the extraction of the features.
It also shows that the performance with only a few features is the best using the pre-selected features. This
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verifies the correctness of the selected features since these results confirm that a balanced set of features is
obtained by means of the theoretical analysis in Chapter 4. In order to benchmark correctness of this feature
selection, the results of the informativeness analysis for the mass-spring-damper system are compared with
the results of the informativeness analysis using the wirebonder model. This analysis is done in Section 7.2.2.

7.2.2 Wirebonder model feature selection

The informativeness analysis of the various features has also been done on the features extracted from the
results of simulations of the wirebonder model. Again this analysis is done separately for the time and
frequency features, and for the set of all features. The analysis of the time and frequency features shows
that the most informative feature is the largest Lyapunov exponent. This feature also showed the highest
informativeness in the case of the mass-spring-damper system simulations. The informativeness ranking of
the other features however, deviates quite much from the ranking of the features of the mass-spring-damper
system. The second most informative feature in this analysis is the maximum value, followed by the mean and
mean frequency. A table of the ranking of all time and frequency features and their weights is presented in
Appendix C. From this table, it can also be seen that the frequencies of the two largest peaks in the frequency
domain are not informative at all, even though these features scored well in the mass-spring-damper system.
A poor informativeness of the two largest peaks is, however, in agreement with the results of the theoretical
analysis concluded in Section 4.2.
For the full set of features, an informativeness analysis has also been performed. That analysis shows that
the windowed features have the most detailed information in terms of the ReliefF analysis. The resulting
twenty most informative features are presented in Appendix D. It can also be seen that the exact features,
from the set of windowed features that are the most informative, are different than the highest ranked win-
dowed features in the analysis of the mass-spring-damper simulation data. This means that even though the
windowed approach results in the most informative features, the exact features that are ranked to be the
most informative are different for the two systems. This shows the effect of slight variations in the reference
trajectory, since the reference trajectory slightly differs between the two systems. This is the case due to the
randomized standing-still component in the structure of the reference trajectory as described in Section 3.2.
The systems are simulated with reference trajectories in which a minor difference in the standing-still time is
present which results in different windows to contain relevant information for the fault isolation.

The performance of the classification models built with the subsets of the features has also been studied using
the data from the simulations of the wirebonder model. The performance results for the different sets of the
features, with the subsets obtained using the MRMR algorithm, are presented in the Tables 7.4, 7.5 and 7.6.

Table 7.4: Classification performance for subsets of the time and frequency features

All Best 1 Best 3 Best 5 Best 7 Best 9

Accuracy 98.4% 68.3% 97.2% 99.2% 99.6% 98.4%
F1-score 0.98 0.66 0.97 0.99 1.00 0.98

MCC 0.98 0.66 0.97 0.99 1.00 0.98
FPR rate 0.00 0.08 0.01 0.00 0.00 0.00

Table 7.5: Classification performance for subsets of all features

All Best 1 Best 3 Best 5 Best 7 Best 9

Accuracy 97.2% 98% 96% 96.8% 97.2% 97.2%
F1-score 0.97 0.98 0.96 0.97 0.97 0.97

MCC 0.97 0.96 0.95 0.96 0.97 0.97
FPR rate 0.01 0.00 0.01 0.01 0.01 0.01

The performance analysis of the classification models using data from simulations of the wirebonder model
show that the performance does not necessarily decreases when the amount of features is reduced. Due to
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Table 7.6: Classification performance for subsets of the pre-selected features

All Best 1 Best 3 Best 5 Best 7 Best 9

Accuracy 98.4% 81.2% 94.4% 97.6% 98.4% 98.4%
F1-score 0.98 0.80 0.94 0.98 0.98 0.98

MCC 0.98 0.77 0.93 0.97 0.98 0.98
FPR rate 0.00 0.04 0.01 0.01 0.00 0.00

slight differences in the reference trajectory and the difference in the system characteristics of the two systems,
other features in the set of the time and frequency features have shown to be informative. These features were
not selected during the theoretical analysis and therefore the performance of the time and frequency features
is slightly higher. However, these features might not always be useful as has been shown for the frequencies of
the two largest frequency peaks.

7.3 Conclusions on feature informativeness and feature selection
techniques

In this chapter, the informativeness of the extracted features has been investigated. To do this, the ReliefF
and MRMR algorithms are used. The ReliefF gives an accurate analysis of the informativeness of individual
features and the MRMR algorithm analyzes the most informative subsets of the features.

From this analysis, it follows that the windowed/time-frequency features are the most informative. This holds
if exactly the same motion trajectory is used. For slight differences between the models and trajectories,
entirely different windows showed to be more informative as concluded in Section 7.2.2. This validates the
analysis that the time-frequency features are less robust.
In the analysis of the time and frequency features, the informativeness of the individual features also showed
significant variation. The differences in the models have influence on discriminatory performance of these fea-
tures. The feature that appears to be the most informative in both models is the largest Lyapunov exponent.
Furthermore, the pre-selected features showed to be a balanced set of features. The subsets of this feature set
showed high performance with a low amount of features.

The study presented in this chapter suggests that the reduced set of features can improve the fault isolation
performance. Using only a small number of features, even a higher performance can be achieved compared
to fault isolation based on a non-reduced feature set. This can especially be observed in the balanced set of
features determined by the theoretical analysis.

In Chapter 8, the soundness of the feature selection and validity of the conclusions drawn based on the
theoretical analysis and simulation case studies will be evaluated based on measurements carried out on a
physical wirebonder produced by ASM PT.
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Chapter 8

Fault isolation results using data from
a physical wirebonder machine

The entire process towards the classification of fault scenarios has been evaluated in this study. The resulting
classification performance for fault isolation in a simulation environment has been performed for two different
models in Chapter 6. In order to verify the findings in the evaluation of the process towards classification and
the resulting fault classification results in the simulation environment, in this chapter, data obtained from a
physical wirebonder is used. The physical wirebonder is the same type of wirebonder that is resembled by
the multibody model of the wirebonder used in the simulation-based analysis. The physical wirebonder is
introduced in Section 2.1.

There are some differences in how data corresponding to the different fault scenarios is generated using the
physical wirebonder compared to the approach of generating fault scenario data in the simulation models, but
the workflow is similar to the workflow presented in Section 6.1. In the simulations it is possible to directly
simulate the different fault scenarios. On the real wirebonder, these scenarios are rather mimicked instead of
physically realized. In Section 8.1, the ways how the different fault scenarios are mimicked are explained. By
processing the measurements from wirebonder, condition indicators are extracted, classification models are
created and the predictive performance of these models is examined in Section 8.2 .

8.1 Mimicking the fault scenarios on the AB383 wirebonder

On the physical wirebonder, not all fault scenarios can be implemented in the same way as in the simulations.
In order to mimic the fault scenarios, the control of the machine is adjusted. This has been done in a manner
that is already used at ASM PT.
The reduced motor force constant can still quite easily be mimicked on the physical machine. By adding a
gain after the normal control output, the reduced motor force constant can be mimicked by setting the gain
to 1 in the nominal scenario and reducing the gain to resemble deterioration of the motor.
The fault scenario of an increase in the friction is mimicked by adjusting the feedforward control. The friction
in the plant acts as a speed dependent force. By introducing a feedforward term that acts in the opposite
direction of the velocity, the friction effect can be mimicked. Since the friction force cannot be extracted
directly from the system, the magnitude of the friction is obtained by analyzing the system input force under
normal conditions. The Coulomb and viscous friction coefficients are determined based on a percentage of the
maximal input force. The percentage of the maximal input force is set to resemble the friction magnitude as
used in the simulation tests.
The change of the high-frequency resonances has also been mimicked by adjusting the controller. In order to
excite the resonances, the feedback gain is increased. The sensitivity at the resonance frequency is relatively
close to becoming unstable. By increasing the feedback control gain, the sensitivity is increased and the
resonances are more excited. The resonance changes are also tuned to resemble the changes in the simulation
environment.
The external disturbance can also be added in the control loop, similar to the simulation environment. A
combination of harmonic sinusoids are introduced in the control loop between the nominal control and the
plant.
The system alterations used to mimic the fault scenarios in the individual experiments on the wirebonder, are
presented in Appendix E.
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Figure 8.1: Normalized actual motions and position errors measured on the physical wirebonder in the different
fault scenarios.

The reference trajectory used in these experiments consists of three consecutive repetitions of the multi-setpoint
profile which is described in Chapter 3. The standing-still times between the motions in this signal are ran-
domly set to different durations. The signal consisting of the three consecutive multi-setpoint repetitions is
split into three signals for each of the multi-setpoint trajectories.

The resulting position errors in the X-direction are displayed in Figure 8.1. This figure shows the measurements
obtained in the different fault scenarios. The increase in the severity of a fault scenario is visible in this figure.
In the figure, signals are displayed in which the fault scenario does not differ much from the nominal scenario,
as well as error response signals that deviate more from the nominal behavior.

8.2 Fault isolation

From the obtained fault scenario data, the features have been extracted. These features are, similar to the
process in Chapter 7, analyzed with respect to the informativeness of the features. For the analysis using
the data from the actual wirebonder, the most informative feature has shown to be the entropy. Next, the
largest Lyapunov exponent and the frequencies of the two largest peaks show to contain the most information,
followed by the RMS. The full ranking including the weights of the features, is presented in Appendix F. From
the analysis it can be concluded that the largest Lyapunov exponent is a highly informative feature. This
feature also scored the best in the simulations. It also shows that the informativeness of the features greatly
depends on the used data. Different features showed to be informative in different data-sets. If a feature was
informative in one data-set, it could still turn out to be non-informative in a different data-set. Especially
since the differences in the weights corresponding to the ranking of the informativeness of most features is
quite small, the ranking of the informativeness is not consistent for the different data-sets. Therefore, a subset
of features for accurate fault isolation should contain enough features to be able to detect the fault scenarios
in all different types of data-sets.
The informativeness of the features in the set containing all features has been evaluated. The resulting best
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scoring twenty features are shown in Appendix F. From this analysis, it follows that the more detailed time-
frequency features also contain the most information in this analysis. The relevant features now, however, are
not the windowed peaks, but the windowed mean, windowed kurtosis and wavelet parameters. The set of the
best performing features is again different than the highest ranked features found in the simulation data-sets.
Since the time-frequency features still appear to rank high in the informativeness analysis, it does show it
is possible to use the time-frequency features in a data-set with slightly different reference trajectories. For
a robust analysis, however, the features that have been selected based on the theoretical analysis are better
suited. To verify this statement, the performance of the classification models created using the different subset
of features is investigated. If the classification model for the pre-selected features is inaccurate, it is irrelevant
if the feature set is more robust. If a high performance cannot be achieved with the pre-selected features, then
this feature set is not useful for fault isolation.

The performance of the classification models using the different sets and types of features is inspected in the
same manner as for the simulation based classification models. For the reduced subsets, the MRMR algorithm
is again used. The results are presented in the Tables 8.1, 8.2 and 8.3. These tables again show the averaged
results of ten runs, since the training and testing sets are randomly selected per scenario. The performance is
expected to drop slightly since the used motion trajectory has slight variations in it. Introducing more variety
in the reference trajectory also affects the features, meaning that the variation in the features is expected to
be larger.

Table 8.1: Classification performance for subsets of the time and frequency features

All Best 1 Best 3 Best 5 Best 7 Best 9

Accuracy 93.9% 81.8% 89.6% 92.7% 92.3% 93.1%
F1-score 0.93 0.78 0.87 0.90 0.90 0.91

MCC 0.92 0.76 0.85 0.89 0.89 0.90
FPR rate 0.01 0.05 0.02 0.02 0.02 0.02

Table 8.2: Classification performance for subsets of all features

All Best 1 Best 3 Best 5 Best 7 Best 9

Accuracy 95.4% 63.5% 86.2% 91.2% 95.8% 94.2%
F1-score 0.94 0.55 0.85 0.87 0.95 0.93

MCC 0.94 0.52 0.82 0.86 0.94 0.92
FPR rate 0.01 0.12 0.03 0.02 0.01 0.01

Table 8.3: Classification performance for subsets of the pre-selected features

All Best 1 Best 3 Best 5 Best 7 Best 9

Accuracy 92.7% 67.0% 89.2% 91.2% 91.9% 92.7%
F1-score 0.92 0.61 0.87 0.90 0.91 0.92

MCC 0.91 0.60 0.85 0.89 0.90 0.91
FPR rate 0.02 0.08 0.03 0.02 0.02 0.02

From these performance results it can be concluded that the balanced pre-selected set of features is still highly
accurate for fault isolation of the physical wirebonder using the classification model created based on a limited
data-set of measurements. In this data-set, a higher number of features is needed to reach the performance
of a classification model trained with the full feature set. The measured data contains more variation in the
signals, as shown in Figure 8.1. There are differences to be seen in the different measurements corresponding
to the nominal scenario. The parameters are exactly the same, but the error signals do contain differences.
This means slight variations in the error signal are harder to detect since the nominal scenario measurements
already contain variation. In order to classify if the data is faulty and which fault is present in the system, these
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variations can better be accounted for with a larger feature set. The difference in the way the fault scenarios
data is obtained in the physical machine can also have an influenced the performance of the pre-selected feature
set. The marginally better classification performance of this classification model however, is obtained using
much more features. The classification model with the full set of features contains a total of 2000 features,
while the classification model with the pre-selected set only uses 9 different features. It should also be kept in
mind that this analysis is performed with only a minimal amount of measurements. For a better comparison of
the different sets of features, a larger amount of measurements is recommended. The achieved performance of
the classification model based on the features that have been selected on the theoretical analysis, does validate
the selection of these features. Using only a limited amount of features, the classification models show high
performance for all three data-sets. The features that have been shown to be the most informative in the
entire feature set, were different in each model. The features in the pre-selected set have remained the same
for all analyses.

8.3 Conclusion on the classification performance using data from
the physical set-up

In this chapter, the procedure for obtaining data on the physical wirebonder machine that corresponds to the
researched fault scenarios is explained. Using the measured data, the best performance has been achieved
using a classification model created based on the combined set of all features. However, that classification
model is not superior to the one based on the pre-selected features only. Consequently, it can be concluded
that classification of the physical machine health and fault isolation can also be done using the pre-selected
features only, with still excellent performance.
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Chapter 9

Conclusions and recommendations

The goal of this research study is to obtain generic machine health condition indicators. These condition
indicators are features of machine signals that can be used for the monitoring of the machine health. When it
is possible to detect if the machine health is reduced, predictive maintenance can take place. The predictive
maintenance makes it possible to reduce the amount of break-downs and avoid unnecessary maintenance,
increasing the production throughput and yield in a manufacturing plant. In a technology-evolving and
capital-intensive market sector such as the semiconductor industry, this is needed to strengthen the competitive
position. For this purpose, predictive maintenance is also being researched by the company ASM PT.

9.1 Conclusions

For an accurate analysis of the machine health, the type of fault in a system should be identified. Therefore,
this research has been on the isolation of faults. The most common mechanical fault scenarios encountered
in the ASM PT products are: increased friction, reduced motor constant, change in the resonances and in-
fluence of external disturbances. The existing procedure towards predictive maintenance and fault isolation
is to analyze the performance of different features on one specific machine. This process is time-, labor- and
capital-intensive and requires a high amount of domain-specific knowledge. Since the portfolio of ASM PT
covers the entire back-end section of the semiconductor industry, it is wishful to obtain generic condition indi-
cators that can be used for a wide scope of machines. In order to find these generic condition indicators, the
complete process towards fault isolation is considered in this research. By evaluating all steps in this process,
an analysis can be done on the potential of generic machine health condition indicators.

The process is evaluated though a theoretical analysis and by performing tests on several systems. These
systems are presented in Chapter 2. For a generic approach, a simple mass-spring-damper model is created.
The results of this system are benchmarked using a Simscape Multibody model of an ASM PT wirebonder.
Additionally, to validate conclusions drawn from the simulation case studies, the same analysis is performed
using data measured on a physical wirebonder machine.

The first step in the process is to analyze effects of the different fault scenarios on the system dynamics. In
order to understand what effects the different fault scenarios have on the system signals, the dynamics behind
the faults have to be understood. With the knowledge on the changes caused by the fault scenarios, it can be
analyzed what signal features hold information regarding the machine health. This analysis on the change in
the system characteristics and signals is performed in Chapter 3. It shows that the fault scenarios have different
effects on the system dynamics. The increase in friction is the most dominantly affecting the dynamics in the
lower frequency range, corresponding to the mass dominated part of the frequency spectrum. The motor degra-
dation results in a decreased gain in the system characteristics for the entire frequency spectrum. The change
in the high frequency resonance is only noticeable around this resonance. The external disturbances finally,
influence frequencies that overlap with spectral components of these disturbances; the impact of the external
disturbances on the motion control performance depends on the process sensitivity function of the system. The
effects of the different scenarios can be analyzed by inspection of the position error signals that are measured
when the motion system performs a reference trajectory whose frequency spectrum covers all frequency ranges
of interest. To be able to capture effects of the different fault scenarios, a reference trajectory is determined by
concatenating movements of different length- and time-duration, such as to cover all relevant frequency ranges.

With the analysis on the effects of the fault scenarios, it becomes clear what changes in the signals should be
detected by the features. In Chapter 4, different types of features are researched to evaluate their ability to
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capture the different fault scenarios. The features that have been investigated include: time features, frequency
features and time-frequency features. The features have been analyzed based on the theoretical background
and their sensitivity to the different fault scenarios in the simulation case studies. From this analysis it can
be concluded that the time-frequency features are the most informative. The effects in specific segments of
a time-domain can be captured, resulting in a more detailed analysis of the full signal. However, the time-
frequency features are less robust to changes in the reference trajectory and system dynamics. The choice
of the most informative time-localized features highly depends on the exact reference trajectory and slight
differences in the reference lead to entirely different features to be informative. From the features extracted
from the time or frequency signals, a set of best suited features is determined: variance, skewness, kurtosis,
RMS, largest Lyapunov exponent, approximate entropy, mean frequency and the magnitude of the two largest
frequency peaks. These features represent a balanced set of the features that have potential to capture all four
fault scenarios.

Using the features extracted from the machine signals, classification models can be created. These models are
trained with labelled data, collected in different fault scenarios. When fed with new data, the trained models
are able to classify under what faults this new data is collected. There are different methods to generate the
classification models. In Chapter 5, the best suited classification model is determined based on the theoretical
analysis of their underlaying methods of generation and by comparison of their predictive performance for ma-
chine health classification and fault isolation. The predictive performance is analyzed using the Classification
Learner App of Matlab. From these studied classification models, the SVM classification model turns out to
be the best suited for the considered types of the systems and the fault scenarios. The predictive performance
of these models is evaluated based on different performance criteria: accuracy, F1-score, Matthews correlation
coefficient and false positive rate.

The performance of the different types of features using the SVM model is analyzed in Chapter 6 for both the
simulation models. All different types of features showed potential to correctly classify machine health based
on the test data and isolate the types of faults. Using the classification models trained with different sets of
features, high predictive performance was achieved. Using all features for the classification, the realistic faults
could be detected with excellent F1, MCC and FPR scores and an accuracy of 98% for the mass-spring-damper
model and 97% for the wirebonder model. The features selected based on the theoretical analysis showed even
a slightly better performance with respect to these criteria. The accuracy using this set of features even
reached 99% for the mass-spring-damper model and 98% for the wirebonder model. This performance has
been achieved despite using far less features used to create the classification model with respect to the case
when all the features are used.

For an analysis of the relevance of the different possible features for the fault isolation, in Chapter 7 the
informativeness of the features is analyzed. For the analysis of the informativeness of individual features, the
ReliefF algorithm has been used. A different algorithm, MRMR, is used to find the best subsets of features to
train a classification model. From this analysis it follows that the time-frequency features are ranked to be the
most informative, but the selection of the most informative exact features does depend on the system dynamics
(e.g. model) and motion trajectory. The more generic time and frequency features also showed difference in
relevance for both the simulation models, but the largest Lyapunov exponent showed to be highly informative
for both models. Furthermore it is observed that use of a reduced set of features does not necessarily lead to
decrease of predictive performance, but can even do the opposite - improving the performance. This showed
especially to be true for the balanced feature set selected based on the theoretical analysis.

The obtained results using the simulation data are verified in Chapter 8 by analysis of measurements obtained
from the physical wirebonder available at the Center of Competency of the company ASM Pacific Technology
in Beuningen. The fault scenarios are mimicked in the experiments, with similar magnitudes as have been
used in the simulations. To make the experiments even more representative, the motion trajectory for the
experiments are repeated three times with slight changes in the standing-still periods in the trajectories. Next
to the differences in the implementation of the fault scenarios and the variations in the reference signal, the
analysis of the data from the physical wirebonder has been done with a very limited set of tests. These
differences have an effect on the achieved performance. The time-frequency features still showed to be highly
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informative, but the exact features that are the most informative are again different from the features that
showed to be the most informative in the simulations. The analysis using different feature subsets showed
that more features are required for the best possible classification, with respect to the simulations. The
performance of the classification with the features that have been selected based on the theoretical analysis, is
therefore marginally lower than the performance of the classification models created using more features. The
classification model with only this small set of features, still resulted in an accuracy of 92.7%, an F1-score of
0.92, a MCC value of 0.91 and FPR rate of 0.02.
This study has shown that a high performance set of generic machine condition indicators can be determined
for machine health management. The selection of the condition indicators is based on the theoretical analysis
of the features and validated using different models and tests on the physical wirebonder machine. A set
of features is obtained that are robust and show high performance. This limited set of features is able to
efficiently isolate faults in the data-sets obtained from all the systems used in this study.

9.2 Recommendations

This study has analyzed feasibility of generic machine health condition indicators. A systematic procedure
is worked out to determine the generic indicators and it is benchmarked in simulations of two representa-
tive multibody models and on a physical wirebonder machine. The classification models based on these
generic condition indicators showed high predictive performance in simulations. The predictive performance
is slightly lower when physical measurements are used, which is likely due to use of a very limited amount of
measurements. In order to increase the predictive performance in the case the measured data are used, it is
recommended to explore an option of collecting more measured data, which in turn would allow extracting
more samples of the relevant condition indicators.
Furthermore, the data obtained from the physical set-up has been obtained by mimicking the fault scenarios
in the control. Looking into physically realized fault scenarios in the machine, could result in slightly different
data. For the application of predictive machine health management, it is informative to assess the predictive
performance for this data-set.

The set of generic features determined in this research has been based on the theoretical analysis of these
features and on simulations and measurements obtained on different systems. These systems, however, are
chosen such as to have similarities in their dynamics. To benchmark how generic these features actually are,
it is recommended to test their informativeness on various types of systems of different dynamics. For this
purpose, it would also be useful to research how to autonomously retrieve which ranges in the frequency do-
main of the system characteristics are affected for each of the different fault scenarios in these different types
of machines. If this can then be used to predict the changes in the machine signals based on these changes, it
may become possible to create a fault isolation classification model without the need of performing simulation
analyses or mimicking fault scenarios in a physical machine. This would not only validate the genericity of the
condition indicators, but would also result in a generic, autonomous procedure for fault isolation for different
types of machines.

A second possible follow-up is to investigate other types of faults. The four types of faults investigated in this
research have been shown to be detectable by the used features, but increasing the number and diversity of
fault scenarios may raise demand on an extended set of condition indicators.

A third option to extend the depth of the research is to look into applying classification models for the detection
of each type of fault scenario separately. This would result in a set of classification models that only detect
if one of the fault scenarios is present in the data. Accurate detection of faults with these separate classifica-
tion models could enable the possibility that data-sets in which multiple faults are present, can be identified
as faulty in each of these fault scenarios. Currently one model is trained that is well capable of classifying
the data, but it is not possible to detect multiple faults unless the model is trained to recognize these scenarios.

Another appealing application of the generic condition indicators would be their use for development of generic
procedures for estimation of the remaining useful life of a machine. The remaining useful life estimation,
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machine condition classification and fault isolation, the three main pillars of the predictive maintenance tech-
nology, would then all be based on the same set of generic health condition indicators, which would be very
practical from the industrial implementation point of view.

Finally, it is recommended to examine industrial applicability of the results obtained in this research in the
context of proof of concept tests on different types of the semicon machines, such as wirebonders and die
bonders. In this project one reference motion profile is used to obtain training and testing data from the
machine. For implementation in a manufacturing plant, it would be ideal if the machine health can be
monitored with whatever motion profile is used on the machine. Therefore, it is recommended to explore the
possibility of readjusting the classification model obtained using data measured on a machine performing a
certain motion profile when the same machine executes a different motion profile.
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Appendix A

Theoretical analysis of various classification models

In Chapter 5 the best performing classification model is selected. The theoretical analysis behind the preference
of the SVM model is shown in this appendix. The types of classification models that are selected in the
preparatory report [11] are shown below with the corresponding analysis on the suitability to this research.

• Decision Tree

Description A decision tree is a tree-shaped structure that represents sets of decisions. Each non-
terminal node represents a test or decision to be carried out on a single attribute value of
the considered data item, with one branch and sub-tree for each possible outcome of the
test. [1]

Advantages + Easy to understand and interpret.
+ Can work with little data.
+ Can be combined with other techniques.

Disadvantages - Unstable, small changes in the data can lead to large changes in the structure of the
optimal decision tree.
- Relatively inaccurate compared to other classification models
- For data including categorical variables with different number of levels, information gain
in decision trees is biased in favor of those attributes with more levels [34].

• Linear Discriminant

Description The linear discriminant analysis works by creating one or more linear combinations of
predictors, leading to linear decision boundaries between classes. This is done by looking
at the log-ratio of the different classes. Test data is given a discriminant score to determine
to which class it is suited best [35].

Advantages + Easy to understand in visual representation.
+ Effective in high dimensional settings.
+ Can separate different classes in the same plane.
+ Can be estimated with a lower variance than more complex techniques.

Disadvantages - Bounded by linear separation of the classes.
- Inaccurate if the distinctive information is not in the means of the classes

• Quadratic Discriminant

Description The quadratic discriminant is similar to the linear discriminant, but uses second order
functions to differentiate separate classes [35].

Advantages + Easy to understand in visual representation.
+ Quadratic separation of classes.
+ Relatively simple model with relatively high performance.

Disadvantages - Larger set of parameters needed in the analysis compared to the linear discriminant.
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• Logistic Regression

Description Similar to the linear discriminant, logistic regression also creates linear decision boundaries.
Logistic regression however works better than linear discriminant analysis when the data-
set is not drawn from a Gaussian distribution [35].

Advantages + Easy to understand in visual representation.
+ Reviews the elements separately and therefore does not assume that the observations
are drawn from a Gaussian distribution.

Disadvantages - Classes can be masked by others due to the separate linear model for each element.

• K-Nearest Neighbor

Description The k-nearest neighbor method compares the input elements with the k closest observations
in the training sample, and averages their responses. The closeness in this method is
determined based on the Euclidean distance [35].

Advantages + No training needed, making this method fast in comparison to other techniques.
+ Extra data can be added later to increase the comparative data-set.

Disadvantages - Does not work well for large data-sets .
- Low performance for high dimensional data.
- Sensitive for noise.

• Naive Bayes

Description Naive Bayes is a variant of the linear discriminant analysis. The model assumes that the
inputs are conditionally independent in each class. Despite the rather optimistic assump-
tions, naive Bayes classifiers often outperform far more sophisticated alternatives [35].

Advantages + Effective in high dimensional settings.
+ Can work with little data.
+ Insensitive towards irrelevant features.

Disadvantages - The assumption that the features are independent is rarely true, which could lead to loss
of accuracy.

• Support Vector Machines

Description Support vector machines produce nonlinear boundaries by constructing a linear boundary
in a large, transformed version of the feature space [35].

Advantages + Effective in high dimensional settings.
+ Effective in low dimensional settings [26]
+ Capable of classification of non-linear data-sets.
+ Capable of classification of non-separable (overlapping) data-sets.

Disadvantages - Relatively long training time when working with large data-sets.

Based on these analyses, the support vector machines technique is selected to be the best suited to use for
the classification. The robustness makes a generic application possible and a large set of features can be
used for the classification. Furthermore the capability of the classification of overlapping data-sets is highly
advantageous for classification in which the fault magnitudes are small and deviation from the other scenarios
is minimal. The longer training time is not an issue, since the computational restrictions are not on the
training of the model, but on the extraction of the features and the classification with the trained model.
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Appendix B

Comparison of various classification models using the Classification
Learner App

In Chapter 5 the best performing classification model is selected. This is done based on a theoretical and
model based analysis. The model based analysis is presented in this appendix and shows the performance
of the different classification models for the data obtained using the mass-spring-damper system and the
wirebonder multibody model. The performance is assessed using the Classification Learner App which uses
the same data-set to train and test all desired types of classification models. Although there are several types
of performance criteria, the analysis in this appendix is based on the accuracy of the models. Since it is seen
in the analysis of the classification models that all scenarios are detectable with the used features and the fact
that the data-set is a balanced data-set, with the same size of data representing the different scenarios, the
accuracy is a good representation of the performance.
The resulting accuracies of the different inspected classification models based on the mass-spring-damper
system is shown in Table B.1. The resulting accuracies for the different classifications using the features
obtained using the wirebonder multibody model can be found in Table B.2. In the analysis it showed that the
logistic regression classification could not be used because the Classification Learner App indicated that the
model was not suited for the type of data-set used this study.

Table B.1: Ranking of the time and frequency features extracted in the mass-spring-damper model

Classification model Accuracy using
all features

Accuracy using
the pre-selected
features

Decision tree 97.6% 93.6%
Linear discriminant 84% 75.2%
k-nearest neighbor 98.4% 96.0%
Naive Bayes 69.6% 76.8%
Quadratic discriminant 20% 96%
Support vector machines 99.2% 97.6%

Table B.2: Ranking of the time and frequency features extracted in the wirebonder multibody model

Classification model Accuracy using
all features

Accuracy using
the pre-selected
features

Decision tree 97.5% 98.0%
Linear discriminant 83.2% 83%
k-nearest neighbor 98.0% 99.0%
Naive Bayes 75.0% 97.5%
Quadratic discriminant 20% 98.4%
Support vector machines 98.5% 98.5%
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Appendix C

Ranking of the time and frequency features

The analysis of the informativeness of the time and frequency features using the ReliefF algorithm results in
a weighted ranking of the individual features. This analysis has been done for both the simulation models.

For the mass-spring-damper model, the feature ranking is presented in Table C.2.

Table C.1: Ranking of the time and frequency features extracted in the mass-spring-damper model

Ranking Feature Weight
1 Largest Lyapunov exponent 0.30
2 Frequency of the highest peak 0.19
3 Frequency of the second highest peak 0.19
4 Variance 0.16
5 RMS 0.14
6 Skewness 0.14
7 Mean 0.14
8 Max 0.14
9 Min 0.14
10 Mean frequency 0.13
11 Magnitude of the highest peak 0.13
12 Magnitude of the second highest peak 0.13
13 Entropy 0.10
14 Kurtosis 0.10

For the wirebonder model, the feature ranking is presented in Table C.2.

Table C.2: Ranking of the time and frequency features extracted in the wirebonder model

Ranking Feature Weight
1 Largest Lyapunov exponent 0.28
2 Max 0.18
3 Mean 0.14
4 Mean frequency 0.14
5 Min 0.12
6 Skewness 0.12
7 Magnitude of the highest peak 0.12
8 Magnitude of the second highest peak 0.12
9 RMS 0.11
10 Entropy 0.11
11 Variance 0.10
12 Kurtosis 0.10
13 Frequency of the highest peak 0.00
14 Frequency of the second highest peak 0.00
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Appendix D

Ranking all features

The analysis of the informativeness of all features using the ReliefF algorithm results in a weighted ranking of
the individual features. This analysis has been done for both the simulation models.

For the mass-spring-damper model, the feature ranking is presented in Table D.1.

Table D.1: 20 best ranked features out of all extracted features in the mass-spring-damper system

Ranking Feature Weight
1 Frequency of the second highest frequency peak - 96th window 0.52
2 Frequency of the highest frequency peak - 35th window 0.48
3 Frequency of the second highest frequency peak - 86th window 0.47
4 Magnitude of the highest frequency peak - 35th window 0.45
5 Frequency of the highest frequency peak - 86th window 0.42
6 Frequency of the highest frequency peak - 31th window 0.40
7 Frequency of the highest frequency peak - 84th window 0.40
8 Frequency of the highest frequency peak - 94th window 0.40
9 Frequency of the second highest frequency peak - 84th window 0.40
10 Frequency of the second highest frequency peak - 94th window 0.40
11 Windowed mean - 100th window 0.38
12 Windowed mean - 88th window 0.38
13 Frequency of the second highest frequency peak - 99th window 0.37
14 Magnitude of the highest frequency peak - 19th window 0.36
15 Magnitude of the highest frequency peak - 4th window 0.36
16 Frequency of the highest frequency peak - 100th window 0.36
17 Magnitude of the highest frequency peak - 100th window 0.36
18 Frequency of the second highest frequency peak - 97th window 0.35
19 Windowed kurtosis - 30th window 0.35
20 Magnitude of the highest frequency peak - 31th window 0.35

68



For the mass-spring-damper model, the feature ranking is presented in Table D.2.

Table D.2: 20 best ranked features out of all extracted features in the mass-spring-damper system

Ranking Feature Weight
1 Frequency of the highest frequency peak - 82nd window 0.55
2 Frequency of the highest frequency peak - 80th window 0.50
3 Frequency of the second highest frequency peak - 84th window 0.48
4 Magnitude of the highest frequency peak - 80th window 0.47
5 Frequency of the highest frequency peak - 93rd window 0.42
6 Magnitude of the highest frequency peak - 100th window 0.41
7 Frequency of the highest frequency peak - 54th window 0.40
8 Frequency of the highest frequency peak - 66th window 0.40
9 Frequency of the highest frequency peak - 67th window 0.40
10 Frequency of the highest frequency peak - 68th window 0.40
11 Frequency of the highest frequency peak - 100th window 0.40
12 Windowed mean - 69th window 0.39
13 Windowed mean - 80th window 0.38
14 Magnitude of the second highest frequency peak - 69th window 0.38
15 Frequency of the highest frequency peak - 85th window 0.38
16 Windowed mean - 64th window 0.38
17 Frequency of the highest frequency peak - 15th window 0.38
18 Frequency of the highest frequency peak - 71th window 0.37
19 Frequency of the second highest frequency peak - 71th window 0.37
20 Magnitude of the highest frequency peak - 95th window 0.37
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Appendix E

Settings for the generation of fault scenario data in the physical
set-up

The settings used to create fault scenario data as described in Chapter 8 are shown in this appendix. The
different scenarios and the corresponding changes to the system are presented in Table E.1. The amount
of friction is expressed as the percentage of the maximal nominal input force used to determine the friction
coefficients. The disturbance amplitude is also expressed in the percentage of the input force used for the
amplitude of the individual harmonic disturbance signals.

Table E.1: Settings for creating fault scenario data

Feedback Feedforward Amount of Disturbance
controller gain controller gain friction amplitude

Nominal Run 1 1 1 0% 0%
Run 2 1 1 0% 0%
Run 3 1 1 0% 0%
Run 4 1 1 0% 0%
Run 5 1 1 0% 0%

Friction Run 1 1 1 0.5% 0%
Run 2 1 1 1.0% 0%
Run 3 1 1 2.0% 0%
Run 4 1 1 3.0% 0%
Run 5 1 1 4.0% 0%

Motor Run 1 0.975 0.975 0% 0%
Run 2 0.950 0.950 0% 0%
Run 3 0.925 0.925 0% 0%
Run 4 0.900 0.900 0% 0%

Resonances Run 1 1.250 1 0% 0%
Run 2 1.375 1 0% 0%
Run 3 1.500 1 0% 0%
Run 4 1.625 1 0% 0%
Run 5 1.750 1 0% 0%

Disturbance Run 1 1 1 0% 0.25%
Run 2 1 1 0% 0.50%
Run 3 1 1 0% 0.75%
Run 4 1 1 0% 1.00%
Run 5 1 1 0% 1.25%
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Appendix F

Ranking of features extacted from the data obtained using the phys-
ical set-up

The analysis of the informativeness of the features using the ReliefF algorithm results in a weighted ranking
of the individual features. This analysis been performed on both the set of time and frequency features, as
well as the full set of features.

For the time and frequency featuers, the feature ranking is presented in Table F.1.

Table F.1: Ranking of the time and frequency features extracted in the mass-spring-damper model

Ranking Feature Weight
1 Entropy 0.22
2 Largest Lyapunov exponent 0.18
3 Frequency of the second highest peak 0.18
4 Frequency of the highest peak 0.18
5 RMS 0.16
6 Max 0.14
7 Min 0.13
8 Magnitude of the highest peak 0.12
9 Magnitude of the second highest peak 0.12
10 Variance 0.10
11 Mean 0.08
12 Skewness 0.07
13 Kurtosis 0.06
14 Mean frequency 0.00

The ranking of all features, extracted from the physical machine data, is presented in Table F.2.
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Table F.2: 20 best ranked features out of all extracted features in the physical wirebonder

Ranking Feature Weight
1 Windowed mean - 97th window 0.34
2 Windowed kurtosis - 13th window 0.34
3 Windowed kurtosis - 11th window 0.32
4 Windowed mean - 99th window 0.29
5 Wavelet feature 417 0.29
6 Windowed mean - 93rd window 0.29
7 Wavelet feature 418 0.28
8 Windowed mean - 76th window 0.27
9 Wavelet feature 182 0.26
10 Wavelet feature 183 0.26
11 Wavelet feature 419 0.25
12 Wavelet feature 189 0.25
13 Wavelet feature 181 0.25
14 Wavelet feature 184 0.25
15 Frequency of the second highest frequency peak - 99th window 0.25
16 Wavelet feature 188 0.25
17 Wavelet feature 416 0.24
18 Wavelet feature 412 0.24
19 Wavelet feature 186 0.24
20 Wavelet feature 187 0.24
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Appendix G

TU/e Code of Scientific Conduct
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