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Abstract

As the requirements to improve up-time and thus to reduce costly down-time con-
tinuously increases, the construction equipment business focuses on more and new
ways to increase ability and sensitivity of early fault detection of critical compo-
nents and parts in order to prevent failure. Failure of critical components in the
heavy duty machine may lead to unnecessary stops and expensive downtime. With
more features added to the heavy duty construction equipment, its complexity in-
creases and early fault detection of certain components becomes more challenging
due to too many fault codes generated when a failure occurs. Hence, the need to
complement the present onboard diagnostic methods with more sophisticated diag-
nostic methods for adequate condition monitoring of the heavy duty construction
equipment in order to improve uptime. Further, reduced downtime leads to im-
proved customer satisfaction, reduced warranty and service cost. In addition, this
upgrade result in the construction equipment business staying competitive with im-
provement in sales and profit.

Heavy duty construction equipment is often equipped with a driveline which
consists of major components, such as torque converter, gearbox, clutches, bearings
and axles. The driveline enables the transferring of torque from the engine to the
gearbox, with the clutches enabling automatic gear ratio changes, and this driving
torque from the gearbox is further transmitted to the wheels via the axles. These
major components of a driveline may be considered as crucial components whose
failure may result in costly downtime. Since the current on-board diagnostic sys-
tems use simple rules and maps to carry out diagnosis, most failures are not easy to
diagnose as a result of too many fault codes being generated when there is a fail-
ure. This means that, the engineers and technicians may have to spend substantial
amount of time to identify the failure and root-cause. As a result, where major driv-
eline parts are involved, this may cause the machine to stand still until the problem
is identified and repaired, with a negative impact on customer satisfaction.

In this thesis, condition monitoring methods are presented with the purpose to
provide a diagnostic framework possible to implement onboard for monitoring of
critical driveline parts in order to improve uptime.

In this thesis the gap in condition monitoring of major driveline components in
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an actual machine is addressed. A methodology for monitoring the health of the
automatic transmission and axles onboard the machine using vibration signals and
available CAN-bus signals has been developed. Furthermore, this thesis presents
a vibration based diagnostic framework for the monitoring of the torque converter,
gearbox, bearings and axles. For the development of this diagnostic framework,
sensor data from the gearbox, torque converter, bearings and axles are considered.
Further, the feature extraction of the data collected has been carried out using or-
der analysis technique and adequate signal processing methods, which includes,
Adaptive Line Enhancer, Order Power Spectrum and Order Modulation Spectrum
respectively. In addition, Bayesian learning was utilized for learning of the extracted
features onboard. The results indicate that the vibration properties of the gearbox,
torque converter, bearings and axle are relevant for early fault detection of the driv-
eline. Furthermore, vibration provides information about the internal features of
these components for detecting deviations from normal behavior.

A different approach was utilized for the monitoring of the automatic transmis-
sion clutches. The feature extraction methods utilized for the monitoring of the
automatic transmission clutches are based on moving average square value filter-
ing and a measure of the fourth order statistical properties of the CAN-bus signals.
Results show that the feature extraction methods provide an indication of clutch
slippage deviations. This thesis also includes an investigation of clutch slippage de-
tection from driveline vibrations based on spectrogram and spectral Kurtosis meth-
ods.

In this way, the developed methods may be implemented onboard for the con-
tinuous monitoring of these critical driveline parts of the heavy duty construction
equipment so that if their health starts to degrade a service and/or repair may be
scheduled well in advance of a potential axle failure and in that way the downtime
of a machine may be reduced and costly replacements and repairs avoided.
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Chapter 1

Introduction

1.1 Introduction
Being a competition business, the heavy duty construction equipment business con-
tinually tries to find new ways to improve their products and services to meet cus-
tomer needs, increase sales and profit, improve total cost of ownership as well as
life-cycle cost. An example is Volvo Construction Equipment and its product de-
velopment process which emphasizes the importance of the customer needs as well
as increasing its own profit. Volvo Construction Equipment is a respected brand in
the heavy duty construction equipment industry due to its emphasis on not just high
quality but also on operator’s safety and the environment. With high quality also
comes improved uptime. An important way to achieve this is by reducing unwanted
stops due to failure of critical mechanical components. The methodology used in
the research presented here was conducted using a Volvo Wheel Loader as shown
in Fig. 1.1.

Ways of improving uptime by developing intelligent on-board diagnostics in
heavy duty construction equipment have been an on-going discussion due to ex-
pensive downtime depending mostly on component failure [1]. The heavy duty
construction equipment companies loose money through warranty costs, which can
be quite high if major failures exist. If failure occurs after the warranty period is
over, the customer has to pay for the service costs. Furthermore, with more features
added to the heavy duty construction equipment, its complexity increases and early
fault detection of certain components becomes more challenging due to too many
fault codes generated when a failure occurs. This means that, the engineers and
technicians may have to spend substantial amount of time to identify the failure and
root-cause. Due to increasing design complexities in machines today, a failure may
cause the the machine to stand still until the problem is identified and repaired, with
a negative impact on customer satisfaction [1].

Major driveline parts, such as, the gearbox, the torque converter, the clutches,
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4 CHAPTER 1. INTRODUCTION

Figure 1.1: Volvo Wheel Loader

the bearings and the axles, are examples of such critical components whose failure
results in costly downtime, increased service cost and may increase warranty costs.

In order to improve uptime with respect to these major driveline parts and their
internal features, On-board condition monitoring based on real time sensor data
from the machine is considered in this thesis. In this way the health of the torque
converter, gearbox, clutches, bearings and axles may be continuously monitored.
If their health starts to degrade a service and/or repair may be scheduled well in
advance. In that way the downtime of a machine may be reduced. In addition, this
will generate money for the company as this can be sold as an added feature.

1.2 State-of-art, Research problem and Gap
The heavy duty construction equipment industry seeks to continuously upgrade its
offers by improving availability. Too many fault codes generated makes it more
difficult to diagnose some faults in today’s machine as in Figure 1.2. In the last
decade, monitoring of machinery with changing rotational speed has attracted a lot
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of research contribution. In this section a review of the state-of-the-art, research
problem area and gap, with focus on the torque converter, clutches, gearbox, axles
and bearings are presented. Furthermore, an in-depth literature review is reported
in chapter 2.

Figure 1.2: Problem Area and Gap

Randall [2,3], provided a state of the art in vibration based monitoring of rotat-
ing machinery studying different analysis technique such as, such as synchronous
averaging, order tracking, adaptive noise cancellation, demodulation and envelope
analysis. Randall [2], discussed how different faults (shaft speed faults, electric
machine faults, gear faults, bearing faults and reciprocating machine faults) reveal
themselves in the vibration signature. Fan et al. [4], proposed the use of Hilbert
Transform (HT) and Wavelet Packet Transform (WPT), an Envelope time-frequency
approach for the detection of gear faults. The vibration signal is not synchronized
with the rotational speed of the shaft, thus this is not suitable for a gearbox with
changing rotational speed due to spectral smearing caused by speed fluctuation. Li
et al. [5], introduced and applied the Order Bi-Cepstrum to gearbox fault diagnosis,
a combination of order analysis and bi-cepstrum technique. Even though, the order
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bi-ceptrum revealed the bearing inner race fault, lots of other relevant information
were lost [5]. Sawalhi et al. [6], presented a simulation model for a time-varying
gearbox test rig that allows different types of faults to be implemented and Spectral
Kurtosis (SK) and Envelope analysis gave good results. Hong et al. [7], combined
the Fast Dynamic Time Warping (Fast DTW) and Correlated Kurtosis (CK) tech-
niques for time domain monitoring of localized gear faults. Guo et al. [8], proposed
an envelope synchronous average scheme for multi-axis gear faults detection using
fast kurtogram algorithm. After which, the extracted envelope signal was resam-
pled to the order domain synchronously averaged to both avoid spectral smearing
and remove random components [8].

Cai et al. [9] analyzed the torque distribution characteristics of the YJSW315
dual-turbine torque converter and observed that the computational fluid dynamics
(CFD) method provided a reference for improving the blades of the working wheels
and improving the performance. Yue Liu [10] investigated the characteristics pre-
diction of the D350 torque converter based on CFD method and came to the conclu-
sion that, by comparing the simulation result and the test result, the method provides
a scientific basis for the design of the torque converter with respect to predicting its
characteristics. Even though a lot of research have been done on the design and opti-
mization of the torque converter, the vibration properties of torque converters seems
to have been overlooked. This thesis complement the current methods utilized to
detect torque converter degradation by using vibrations.

Many factors influence the service life of the multiple disc wet clutches. Most
of these factors are difficult to isolate and accurately measure. This makes it al-
most impossible to match the service life condition of the wet clutches in an actual
machine with corresponding test rig computation [11, 12]. Agusmian et al. [13]
developed a test rig online condition monitoring method for wet clutches based on
monitoring the change of the relative velocity signal. This utilizes clutch life data
acquired by carrying out accelerated life tests on some commercial clutches having
different lining materials using a fully instrumented SAE#2 test setup, with the co-
efficient of friction used as a reference feature. A further investigation was carried
out by Agusmian et al. [14] where they investigated the use of the dominant modal
parameters extracted from torsional vibration occurring in the post-lock-up phase
i.e just after the clutch is fully engaged, but the robustness of this method has not
been fully tested.

Immovili et al. [15] compared the capability of using electric current and vibra-
tion signals for bearing fault detection in induction machines. They concluded that
vibration signals are a robust indicator for detecting faults in a bearing provided a
suitable signal analysis method is utilized [15]. Abdusslam et al. [16] via a simple
bearing test rig analyzed vibration data for bearing fault detection using Fast Fourier
Transform (FFT) of the signal and an envelop analysis of the signal. They concluded
that the envelope analysis was more reliable in revealing the faults [16]. Randall et
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al. [17] stated that bearing frequency components are cyclostationary due to ran-
dom slip which is dependent on the ratio of the axial load to the radial load. After a
review of different techniques, Randall et al. [17] recommended the envelope spec-
trum for bearing fault detection from the stochastic part of the signal. Brkovic et
al. [18] utilized the wavelet transform for ball bearing feature extraction. Huibin et
al. [19] performed an experimental study concerning noise identification of the rear
driving axle using theories and methods for acoustic array measurements. They ob-
served that the dominating frequencies in the measured signal are related to the gear
meshing vibration [19]. Shao et al. [20] utilized Root Mean Square (RMS) and
Kurtosis features of the measured vibration signals for fault detection for rear axle
gear. Santacruz et al. [21] described test points optimization process for real-time
vibration and frequency monitoring system on a differential axle fixed rig using a
field-programmable gate array (FPGA), an online analysis data storage unit which
locates the strongest frequency components by computing frequency spectrum. In
addition to the FPGA, an offline program which calculates the RMS and variance
of the vibration in time domain and computes an histogram from the series with
the strongest frequency component is also utilized [21]. They reached a conclusion
that the execution of the test under a controlled platform yielded acceptable per-
formance with the axle shaft having the most intense vibration based on the RMS
value. However, they stated that the methods needs to be further validated [21].

To summarize, although, a lot of research has been performed in the monitor-
ing of rotating machinery, an onboard vibration based monitoring for Heavy duty
construction equipment major driveline parts (such as the torque converter, bear-
ings, gearbox and axles) seems to have been overlooked. In this thesis, an onboard
vibration-based condition monitoring approach is presented for the monitoring of
major components of the driveline in an heavy duty construction equipment to en-
able early fault detection. In addition, suitable feature extraction methods are pre-
sented for the condition monitoring of the automatic transmission clutches in an
actual heavy duty machine by monitoring the health of clutch material on-board the
machine using available CAN-bus signals in the machine.

The research problem, addressed in this thesis, is embodied by the research
questions below:

1. Which quantities on the machine are most relevant for the condition monitor-
ing of the transmission and axles?

2. Which combination of Feature Extraction Algorithms are suitable for onboard
condition monitoring of the transmission and axles?
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3. Which adaptive learning approach are best suited for the learning of the ex-
tracted features onboard?

The research results derived from these research questions will be discussed in
the results section.

1.3 Purpose, Objective and scope

1.3.1 Purpose
The main purpose of this thesis is to reduce costly downtime caused by major driv-
eline parts failure which in turn may lead to increased customer satisfaction, in-
creased sales and increased profit (as this may be sold as an extra feature on the
machine).

1.3.2 Objective
The objective of this thesis is to provide a condition monitoring method for trans-
mission and axles possible to implement onboard in order to complement the present
diagnostic methods in Construction Equipment, in this case the Volvo Construction
Equipment Wheel Loader. The objective of this thesis can be summarized in three
fold. Firstly, to identify the relevant signals that can provide an indication of inter-
nal features in transmission and axles for adequate condition monitoring. Secondly,
to provide a suitable feature extraction method possible to implement onboard for
onboard condition monitoring. Thirdly, to learn the extracted features via an on-
board adaptive learning algorithm in order to prevent automatic transmission and
axles failure. This way, fault codes are narrowed down to a specific internal feature
in the transmission and axles.

1.3.3 Scarlet Thread and Relation Between the Papers
The scarlet thread provides an overview of the research problem and how the re-
search questions address that as well as the relations in between these. Further, the
scarlet thread also outlines which papers have addressed which research questions.

Different CAN-bus signals both from the machine and extra sensors for vibra-
tion have been considered in this thesis together with suitable feature extraction
methods and adaptive learning method which identifies the internal features that
provides a good indication for condition monitoring for the transmission and axle.
Research question 1 is addressed in papers A, B, C, D and E, research question 2 in
papers A, B, C, D, E and F and lastly research question 3 in paper A, B, C, and G.
The papers are related to each other as described in Fig. 1.3.
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Figure 1.3: Scarlet Thread for Doctoral Thesis with Research Questions
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1.3.4 Delimitation
Streaming data from the machine CAN-bus and IPETRonic CAN-bus for extra-
sensors has been used for this study. However, only for the clutch slippage was a
fault induced on the Wheel Loader but no fault was induced on the torque converter,
gears, bearings and axles. In addition, even though clutch slippage may also be
detected from driveline vibration signals, as presented in paper B, the measured
vibration signal was not broadcast on the CAN-bus for real time analysis onboard.



Chapter 2

State-of-the-Art Analysis

In this section a review of the state-of-the-art with focus on the torque converter,
clutches, gearbox, axles and bearings, is presented.

2.1 Torque Converter
The torque converter is a major component of the drive-line in construction equip-
ment heavy duty machine whose faults are critical for the performance of the drive-
line in a machine. Furthermore, degradation of the torque converter pollutes the lu-
bricant and this may also result in degradation of components in the automatic trans-
mission. Hence, a torque converter failure may result in down-time of significant

Figure 2.1: Torque Converter 3-D view.

cost, increased service cost and may also increase warranty cost. A torque converter

11
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transmits and multiplies torque from the engine to the gearbox and it is regarded as
one of the important parts in the automatic transmission. A torque converter con-
sists of three major parts; the impeller, turbine and stator [10]. Dual-turbine torque
converter is widely used in heavy duty construction equipment which improves the
vehicle power performance and fuel economy [9]. A typical torque converter is
shown in Fig. 2.1. Cai et al. [9] analyzed the torque distribution characteristics of
the YJSW315 dual-turbine torque converter and observed that the computational
fluid dynamics (CFD) method provided a reference for improving the blades of the
working wheels and improving the performance. Yue Liu [10] investigated the
characteristics prediction of the D350 torque converter based on CFD method and
came to the conclusion that, by comparing the simulation result and the test result,
the method provides a scientific basis for the design of the torque converter with
respect to predicting its characteristics. Chu et al. [22] looked into the optimization
design of the cascade system of the YJSW315 dual-turbine hydrodynamic torque
converter using the sliding-mesh theory, CFD and non-steady state solver. They
gathered that the performance of the dual-turbine hydraulic torque converter is af-
fected by these factors; the respective working impeller blade import and export
angle, blade shape, blade thickness and the flow channel length. Furthermore they
pointed out that the working wheel blade import and export angle factor had the
most influence on the the dual-turbine hydraulic torque converter [22].

Even though a lot of research have been done on the design and optimization
of the torque converter, the vibration properties of torque converters seems to have
been overlooked. This thesis complement the current methods utilized to detect
torque converter degradation by using vibrations.

2.2 Clutches

Automatic transmissions in heavy duty machines are equipped with multiple disc
wet clutches enabling the automatic changing of gear ratio [23]. Multiple disc wet
clutches are considered to be the backbone of the automatic transmission. The
multiple disc wet clutches are often used in automatic transmissions and limited
slip differentials because they allow slipping. This means that the shafts can be
connected while there is a large variation between the speeds of rotation of the two
shafts [23]. A wet clutch is simply a clutch that operates while submerged in a
lubricant (referred to here as the Automatic Transmission Fluid (ATF)). This lowers
the friction between the discs when compared to a dry clutch [26]. A multiple
disc wet clutch pack basically comprises of separator discs, friction discs, lubricant,
piston and two shafts. A multiple disc wet clutch is illustrated in Fig. 2.2.

The clutch plates are arranged in such a way that one disc type is driven by
the hub and the other by the drum [13]. The drum and hub are driven by a joint
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Figure 2.2: Multiple disc wet Clutch pack 3-D view

that allows axial movement such as splines and lugs [13].The separator disc and
the friction disc are positioned such that they lie intermittently between each other.
The material with which the friction disc is coated has generally been either paper
based, asbestos based or sintered bronze while the separator discs are basically plain
steel plates [23]. Paper-based friction materials are used in automatic transmissions
while the sintered bronze friction materials are used in limited slip differentials.
Sintered bronze friction materials are preferred in limited slip differentials because
they can withstand continuous slip at low sliding speed while the paper-based fric-
tion materials are used in automatic transmissions because short slips at high sliding
speed are required [24]. Asbestos materials are not used anymore due to their high
toxicity [23]. The multiple disc wet clutch is equipped with an electro-mechanical
hydraulic actuator, comprising of e.g piston, returning spring, a control valve, oil
pump etc, which enables the engaging and disengaging of gears [25]. During en-
gagement, the pressurized ATF, which is controlled by the control valve, applies
force to the piston via the actuation line, pressing the friction and separator discs to-
gether [25]. To engage the clutch normal force is applied via pressurized ATF. This
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is controlled by the control valve, through the actuation line to the piston [25, 26].
As a result the friction and separator discs are clamped together allowing torque
transfer between the two shafts [25,26]. When disengaging the clutch, the piston is
pushed back by the returning spring as the pressurized ATF is released [25]. During
engagement both the off-going clutch and on-going clutch have different angular
speeds [27]. The on-going clutch angular speed drops to zero at the end of engage-
ment due to friction generated [27].

Clutch discs in the multiple disc wet clutch pack are designed to slip for lim-
ited periods of time (slip time) in order not to burn the clutch material through
the excessive friction heat generated [24]. Too long slip time generates excessive
heat which degrades the friction material. Thus, the friction characteristics of the
wet clutches are crucial for the ultimate performance of the clutches because they
define how long time a clutch slips during an engagement [28]. Furthermore, a
clutch is said to have failed when it can no longer transmit the desired torque. The
level of torque transfer in wet clutches is controlled by the generated friction. A
good and stable friction coefficient which keeps output torque at a required level is
important [27, 28]. Unwanted clutch slippage is a result of diminishing frictional
characteristics of the clutch system [28]. The coefficient of friction may be affected
by sliding speed, varying load, boundary friction, contact temperature of clutch
plates and friction due to fluid flow through the friction material (thin-film friction)
[27, 29]. At higher contact temperatures of the clutch plates, the coefficient of fric-
tion tends to decrease [27]. Degradation of the wet clutch results in a continual
drop in the coefficient of friction throughout the clutch service life [28]. The fric-
tion characteristics of the clutch material are influenced by different factors such as
the structure, porosity, lubricant and permeability [24, 32]. Marklund [32] showed
that friction materials with different structure and porosity resulted in different per-
meability of the materials. In addition, a clutch material’s permeability affects the
friction coefficient and length of engagement of a multiple disc wet clutch [23, 32].
Water contamination in paper based friction material tends to loosen the fibers from
the binders thereby degrading the strength of a material leading to higher wear rate
[27]. A paper based friction disc with many small grooves and larger pore diameter
of the facing materials exhibits stable dynamic friction properties as the oil per-
meation speed varies, as shown by Tatsuhito et al. [30]. However, since higher
porosity of the clutch friction material improves heat resistance, it may also re-
sult in an increase of the initial friction coefficient at the start of the engagement
resulting in shift shock [31]. The lubricant quality affects the overall frictional
characteristics of wet clutches [27]. A poor lubricant quality can result in high fric-
tion between the clutch plates in the low speed range and low friction between the
clutch plates in the high speed range which affects the overall clutch engagement
time [27]. This also increases risk of stick-slip phenomena (noise and shudder)
and difficulties controlling the clutches [27]. Different factors can contribute to
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poor oil quality such as thermal breakdown of additives, oxidation and contami-
nation. According to Fatima et al. [27] water contamination of the lubricant not
only affects torque characteristics, it also increases vibration level and wear resis-
tance as well as altering the friction characteristics of the clutches [27]. Fatima
et al. also observed that the presence of water changes the lubricant viscosity, re-
duces additive performance, weakens the friction material and reduces the surface
roughness of the separator discs [27]. The lubricant additives are important to keep
the lubricant thermally stable and chemically compatible with the friction material
[27]. The sliding and torque transfer properties, in the boundary lubrication regime
during clutch engagement, are greatly influenced by the additives [23]. If a lubri-
cant’s additives have been thermally broken down, the oil quality is degraded and it
will affect the frictional performance of the wet clutches [27]. A friction modifier
improves the engagement phase during the boundary lubrication regime [27]. How-
ever, it is affected negatively by water, and thus its ability to improve the friction
properties of the oil is reduced [27].

Many factors influence the service life of the multiple disc wet clutches. Most
of these factors are difficult to isolate and accurately measure. This makes it al-
most impossible to match the service life condition of the transmission in an actual
machine with corresponding test rig computation [11, 12]. Agusmian et al. [13]
developed a test rig online condition monitoring method for wet clutches based on
monitoring the change of the relative velocity signal. This utilizes clutch life data
acquired by carrying out accelerated life tests on some commercial clutches having
different lining materials using a fully instrumented SAE#2 test setup, with the co-
efficient of friction used as a reference feature. A further investigation was carried
out by Agusmian et al. [14] where they investigated the use of the dominant modal
parameters extracted from torsional vibration occurring in the post-lock-up phase,
i.e, just after the clutch is fully engaged, but the robustness of this method has not
been fully tested. To summarize, many of the factors that influence the frictional
characteristics of the clutch are only measurable in a test rig and not measurable in
actual heavy duty machines [12].
This thesis addresses this gap in condition monitoring of automatic transmission
clutches in the machine by monitoring the health of the clutch material onboard us-
ing available CAN-bus signals in the machine and suitable feature extraction meth-
ods to prevent clutch failure.

2.3 Gears

Randall [2], discussed how different faults (shaft speed faults, electric machine
faults, gear faults, bearing faults and reciprocating machine faults) reveal them-
selves in the vibration signature. He explained that the signal produced by gear is
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Figure 2.3: Gearbox and a gear 3-D view.

deterministic and also gear wear are often noticed at the gear meshing frequency
and its harmonics [2]. Furthermore, gear wear are usually first seen as an increase
on the second harmonic of tooth meshing frequency, whereas localized faults are
seen at other harmonics of the rotational speeds for the gear on which they are lo-
cated [2]. Further, he added that localized faults such as cracks and spalls tends to
give a wide range of harmonics and sidebands throughout the spectrum, while slow
changing faults gives stronger harmonics grouped around zero frequency and as
sidebands around the harmonics of tooth mesh frequency [2]. Randall [3] further
proposed different analysis techniques for diagnosing faults in rotating machinery,
such as synchronous averaging, order tracking, adaptive noise cancellation, demod-
ulation and envelope analysis. Fan et al. [4], proposed the use of Hilbert Transform
(HT) and Wavelet Packet Transform (WPT), an Envelope time-frequency approach
for the detection of gear faults. They stated that WPT provided better frequency
resolution in the higher frequency region than the traditional Wavelet Transform
[4]. However, because the vibration signal is not synchronized with the rotational
speed of the shaft, this may not be a suitable approach for a gearbox with chang-
ing rotational speed due to spectral smearing caused by speed fluctuation [5]. Li
et al. [5], introduced and applied the Order Bi-Cepstrum to gearbox fault diagno-
sis, a combination of order analysis and bi-cepstrum technique. Even though, the
order bi-ceptrum revealed the bearing inner race fault, lots of other relevant infor-
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mation were lost [5]. Sawalhi et al. [6] presented a simulation model for a time-
varying gearbox test rig that allows different types of faults to be implemented.
They did this by modeling a complete system of gears and shafts supported with
time-varying, non-linear stiffness bearing model [6]. Furthermore, having com-
pared the simulated faults with experimental localized fault signals using spectral
comparisons, Spectral Kurtosis (SK) and Envelope analysis and as both signals gave
similar results, they concluded that simulation models will be useful for produc-
ing fault signals from gearboxes for testing new diagnostic algorithms [6]. He et
al. [33], presented a gearbox fault detection method where they first filtered out pe-
riodic signal using an adaptive narrow-band interference cancellation filter. They
claimed that the gear periodic signal was an interference signal to the impulse sig-
nal of the damaged gear [33]. However, since gear signals are periodic, filtering out
the periodic component removes the information about which gear is damaged and
thus information about gear fault may be lost [34–36]. Furthermore, bearing faults
are stochastic and may be extracted after removal of periodic component from the
vibration signal but not gear faults [17, 35]. Hong et al. [7], combined the Fast
Dynamic Time Warping (Fast DTW) and Correlated Kurtosis (CK) techniques for
time domain monitoring of localized gear faults. Fast DTW extracts the periodic
impulse excitation caused by the faulty gear tooth and then the extracted signal is
resampled for further diagnostic analysis using CK [7]. Furthermore, CK identifies
the local gear by taking advantage of the peridicity of the gear faults, also this ap-
proach showed the degradation level of the gear mesh stiffness [7]. Guo et al. [8],
proposed an envelope synchronous average scheme for multi-axis gear faults de-
tection using fast kurtogram algorithm. After which, the extracted envelope signal
was resampled to the order domain synchronously averaged to both avoid spectral
smearing and remove random components [8].

Although a lot research on vibration-based monitoring has been carried out,
there is no record of onboard condition monitoring of the gearbox in a heavy duty
construction equipment using order analysis. This thesis adds the possibility to
perform vibration-based condition monitoring onboard.

2.4 Axles

Both the front and the rear axle transmits driving torque from the transmission to the
wheels which in turn provides traction force to the construction equipment [19,21].
Further, the axles act as a support structure for the complete machine [21].

In heavy duty construction equipment, the limited-slip differential axle is widely
used because of its ability to overcome the problem of drive wheel traction differ-
ences [26]. Furthermore, a limited-slip differential axle consists of a drive ring
gear, a drive pinion gear, a clutch pack, differential spider gears, a differential side
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gear, a differential pinion gear, an axle shaft side gear, an axle shaft and a pinion
shaft [21].

A typical axle of a heavy duty construction equipment is shown in Fig. 2.4

Figure 2.4: Axle and pinion 3-D view.

Huibin et al. [19] performed an experimental study concerning noise identifi-
cation of the rear driving axle using theories and methods for acoustic array mea-
surements. They observed that the dominating frequencies in the measured signal
are related to the gear meshing vibration [19]. Shao et al. [20] proposed a Ra-
dial and Basis Function (RBF) and Back Propagation (BP) neural networks as a
fault and diagnosis procedure for rear axle gear utilizing Root Mean Square (RMS)
and Kurtosis features of the measured vibration signals. Santacruz et al. [21] de-
scribed test points optimization process for real-time vibration and frequency mon-
itoring system on a differential axle fixed rig using a field-programmable gate array
(FPGA), an online analysis data storage unit which locates the strongest frequency
components by computing frequency spectrum. In addition to the FPGA, an offline
program which calculates the RMS and variance of the vibration in time domain
and computes an histogram from the series with the strongest frequency compo-
nent is also utilized [21]. They reached a conclusion that the execution of the test
under a controlled platform yielded acceptable performance with the axle shaft hav-
ing the most intense vibration based on the RMS value. However, they stated that
the methods needs to be further validated [21]. In today’s heavy duty construction
equipment, pinion problem in axles is frequently reported and Onboard monitoring
of the axles’ pinion via vibration is also not performed. In this thesis, vibration is
utilized for monitoring the pinion of an axle onboard.
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2.5 Bearings
The bearings in an automatic transmission provide low friction support to its rotat-
ing parts and provides an interface separating stationary from rotating components.
In addition, different bearings are designed to support certain types of load de-
pending on the direction in which the force is applied. Furthermore, wear or other
bearing faults may lead to an increase in energy consumption as well as failure of
other related components in the automatic transmission.

There are different types of bearings available and they are classified based on
the type of load and type of contact. Usually, antifriction bearings, also known as
rolling contact bearings, are used in automatic transmissions [18]. Further, a rolling

Figure 2.5: A Roller Bearing 3-D view.

contact bearing consists of four major parts: the rolling element (which is made of
hardened steel), an inner race, an outer race and a retainer (separator or cage) [17].
A typical roller bearing is illustrated in Figure 2.5. The rolling element could either
be balls or rollers; they are referred to as ball bearings where the rolling element
are balls and roller bearings where they are rollers. Roller bearings can withstand
more load than ball bearing. In addition, rollers are larger than balls, thus spread the
load over a larger area. In this study, torque converter bearings are considered. Both
roller and ball bearings are used in this torque converter. Immovili et al. [15] com-
pared the capability of using electric current and vibration signals for bearing fault
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detection in induction machines. They concluded that vibration signals are a robust
indicator for detecting faults in a bearing provided a suitable signal analysis method
is utilized [15]. Abdusslam et al. [16] via a simple bearing test rig analyzed vibra-
tion data for bearing fault detection using Fast Fourier Transform (FFT) of the signal
and an envelop analysis of the signal. Further, the bearing test rig comprises of a
3-phase electrical induction motor, a dynamic break, four shafts connected by three
flexible couplings, two bearing housings and an amplifier [16]. They concluded
that the envelope analysis was more reliable in revealing the faults [16]. Randall
et al. [17] stated that bearing frequency components are cyclostationary due to ran-
dom slip which is dependent on the ratio of the axial load to the radial load. After a
review of different techniques, Randall et al. [17] recommended the envelope spec-
trum for bearing fault detection. Brkovic et al. [18] utilized the wavelet transform
for ball bearing feature extraction. They carried out this study using a simple exper-
iment setup which involves installing a ball bearing in a motor driven mechanical
system [18]. The setup comprises of a three-phase induction motor connected to
a dynamometer and a torque sensor, and an accelerometer attached to the motor
housing [18].

On heavy duty machines, onboard monitoring of the bearings using vibrations
has not been reported. This thesis presents an onboard vibration-based monitoring
method for bearings with the torque converter bearings as a case study.

To summarize, although, a lot of research has been performed in the monitoring
of rotating machinery, an onboard vibration based monitoring for Heavy duty con-
struction equipment major driveline parts (such as the torque converter, clutches,
gearbox, axles and bearings) seems to have been overlooked. In this thesis, an on-
board vibration based deviation detection approach is presented for the monitoring
of major components of the driveline in an heavy duty construction equipment to
enable early fault detection. In addition, suitable feature extraction methods are
presented for the condition monitoring of the automatic transmission clutches in an
actual heavy duty machine by monitoring the health of clutch material on-board the
machine using available CAN-bus signals in the machine.



Chapter 3

Theoretical background

3.1 Condition Monitoring of Heavy Duty Machine
Driveline Parts

Condition monitoring analysis integrated on the onboard system would allow ade-
quate deviation detection and early warning before a breakdown occurs in Construc-
tion Equipment. To enable onboard implementation, one of the major requirements,
besides reliability and robustness, is low computational complexity. This factor has
therefore been taken into consideration in the selection and development of suitable
deviation detection method used in this work. The deviation detection method pre-
sented is a combination of Feature Extraction methods and Bayesian learning for
adequate onboard condition monitoring.

3.1.1 Feature Extraction Methods

Different feature extraction methods utilized are presented below, with a major part
based on vibration monitoring, which is a suitable approach to monitor driveline
parts because vibration carry information about the underlying features of the driv-
eline components such as the torque converter, bearings, gearbox and axles. In
rotating machinery, since the rotational speed is changing over time, order analy-
sis technique are often suitable. A brief outline of the concepts of stationary, non-
stationary and order analysis will be presented before the feature extraction methods
are outlined.

Stationary and Non-stationary Signals

The vibration signal obtained from a gearbox is generally composed of harmonic
frequencies and random noise components [11]. Stationary stochastic signals are

21
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signals whose statistical properties do not change with time, while non-stationary
stochastic signals are signals with statistical property/properties that change with
time. Transient stochastic vibrations are usually considered to be non-stationary
because of time varying statistical properties. Physical quantities, e.g., vibration,
however, may display non-stationary stochastic behavior over time and thus also
having spectral properties that vary over time. Measurements of quantities of in-
terest may thus display properties making a direct application of e.g. the Fourier
transform inadequate [11].

When physical quantities are measured in reality, the measured signal generally
consists of two parts: the quantity to be measured and noise, i.e unwanted signal
components we do not want to measure. Sensors, amplifiers and A/D converters
introduce noise to a measured signal but noise may also be introduced by other
sources [37]. For example, if the vibration of a gearbox in wheel loader originat-
ing from the cogwheel interaction and the bearings are of interest to be measured
during operation of the wheel loader. Such measurements would most likely be af-
fected by vibration excited by the engine, tyres and ground interaction, etc. These
vibration components introduce unwanted noise in the measured vibration signal.
On the other hand, if the vibration of the engine excited by the combustion pro-
cess is of interest to be measured instead, such vibration would have stochastic or
random properties [36] and cogwheel and bearing excited vibration, etc. would be
considered as noise components in the measured vibration signal in this case. Thus,
measured signals generally have stochastic properties. To extract reliable and ro-
bust information from such signals, relevant methods from the toolbox defined for
stochastic processes have to be applied [38].

Stochastic processes may be categorized into stationary and non-stationary
stochastic processes [38]. Stationary stochastic processes have statistical proper-
ties that are time invariant while this does not hold for non-stationary stochastic
processes [38].

There exists a sub-class of stochastic processes: the second order, wide-sense
or weakly stationary stochastic processes. A stochastic process whose first-order
and second-order moments are independent of time is said to be weakly stationary
[38]. Signals may be considered as stationary weakly stationary or non-stationary
stochastic processes and appropriate tools for analyzing and extracting information
from them may be utilized. For instance, transient stochastic vibrations are usu-
ally considered to be non-stationary because of time varying statistical properties.
Physical quantities e.g. vibration and clutch pressure, however, may display non-
stationary stochastic behavior over time and thus may also have spectral properties
that vary over time. Measurements of stochastic quantities of interest may thus have
properties making a direct application of e.g. the Fourier transform inadequate [39].
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Order Analysis

Vibration properties of drivelines may be investigated with the aid of order analy-
sis techniques, frequency domain, time-frequency domain analysis, etc [34]. Order
analysis techniques, usually referred to as order-tracking, and are often utilized in
rotating machinery analysis where the rotational speed changes over time. Fur-
thermore, order analysis techniques transform a non-stationary signal in the time
domain into a stationary signal in an angular domain providing information about
the vibration related to the changing rotational speed [40].

Order analysis is carried out by firstly synchronous resampling the measured
vibration based on the rotational speed measured on an reference shaft [34]. In other
words, synchronous sampling adapts the sample rate of the vibration signal with the
changing rotational speed of the reference shaft, thus, ensuring that the vibration is
sampled at an equal angle increment [40]. Thus, the synchronous sampled vibration
originating from rotating parts will basically have a fixed number of samples per
cycle and this number is related to the rotational speed measure of the shaft. The
synchronously resampled samples of the vibration data are said to be in the order
or angle domain [34]. Synchronously resampled signals may be analyzed using
different signal processing techniques [34, 36, 40].

Higher Order Statistical Properties

Commonly when statistical properties of stochastic processes are studied the mean,
autocorrelation, autocovariance, etc. of a process are considered [38]. The auto-
correlation, autocovariance, etc. are so-called second-order statistical properties.
Higher-order statistical properties or non-Gaussian properties are of third-order or
higher [41].

In statistics, moments are defined in terms of the probability density function
[42]. The moments mk of a random process X(n), n ∈ Z are given by [43];

mk = E[xk(n)] k = 1, 2, ..

where E[·] is the expectation operator and the central moments of a random
process are defined as:

mc
k = E[(x(n)− E[x(n)])k] k = 1, 2, ..

The first central moment is always zero while the second central moment is
the variance. However, the skewness γ3

x(n) is defined as a normalized third central
moment according to [41]:
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γ3
x(n) = E

[
(x(n)− E[x(n)])3

σ3
x(n)

]
=

mc
3

σ3
x(n)

(3.1)

where E[·] is the expectation operator. The skewness provides a measure on the
asymmetricity of a probability density function around its mean. Furthermore, the
kurtosis γ4

x(n) is defined as the normalized fourth central moment with three sub-
tracted, given by [41]:

γ4
x(n) = E

[
(x(n)− E[x(n)])4

σ4
x(n)

]
− 3 =

mc
4

σ4
x(n)

− 3 (3.2)

The kurtosis gives an indication of the "peakedness" and the "tailedness" of a
probability density function [41, 44]. For a Gaussian distributed random process
the kurtosis value is 0 [41, 44].

Mean Square Value and Moving Average Square Value Filtering

Commonly, mean and mean square values of random signals may be estimated with
the aid of time averages and/or ensemble averages depending on the underlying
physical phenomenon from which a signal originates [38]. For instance, if the un-
derlying physical phenomenon from which a random signal originates enables time
averaging for the estimation of an unbiased and consistent mean square value of the
signal, the signal may be considered to be weakly ergodic. Weakly ergodic stochas-
tic processes constitute a subset of weakly stationary stochastic processes [38]. For
instance, unbiased and consistent estimates of the mean value, the autocorrelation
and autocovariance of a weakly ergodic stochastic process may be estimated with
the aid of time averages [38].

The mean value E[x(n)] of a weakly ergodic signal x(n), n = 1, 2, ..., N may
be estimated using a time average according to:

Ê[x(n)] =
1

N

N−1∑
n=0

x(n) (3.3)

where n is the discrete time and and N is the number of samples included in the
time average. The estimate Ê[x(n)] is an unbiased estimate of the true mean value,
E[x(n)] [38]. In the same way an estimate of the mean square value E[x2(n)] of a
weakly ergodic process may be produced as [38]:

Ê[x2(n)] =
1

N

N−1∑
n=0

x2(n) (3.4)
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The variance or the second central moment, σ2
x(n), of a weakly ergodic stochastic

process may now conveniently be estimated as [38];

σ̂2
x(n) =

1

N

N−1∑
n=0

(x(n)− Ê[x(n)])2 (3.5)

If a stochatic process X(n), n ∈ Z is fourth-order ergodic the kurtosis γ4
x(n) may

be consistently estimated as [41]:

γ̂4
x(n) =

1
N

∑N−1
n=0 (x(n)− Ê[x(n)])4

( 1
N

∑N−1
n=0 (x(n)− Ê[x(n)])2)2

− 3 (3.6)

To estimate the mean value, mean square value, etc. for a non-stationary
stochastic process, so-called moving time averaging may be utilized [38, 45]. An
estimate of a time varying mean value for a signal x(n) with the aid of moving
averaging may be produced as:

Ê[x(n)] =
1

N

N−1∑
j=0

x(n− j), n ∈ {N − 1, N, . . .} (3.7)

For the selection of the length N of the moving time average the time constant
of the non-stationary behavior of the stochastic process and the variance of the
estimates have to be considered. Consequently, the moving averaging procedure for
the estimation of a time varying mean square value may be expressed, for example,
as :

Ê[x2(n)] =
1

N

N−1∑
j=0

x2(n− j), n ∈ {N − 1, N, . . .} (3.8)

The moving averaging procedure may, for instance, be carried out with the aid
of a FIR filter having the impulse response:

h(n) =

{
1
N

, 0 ≤ n ≤ N − 1
0 , otherwise (3.9)

The Moving Average Square Value Filtering (MASVF) is realized by filtering
squared samples of a signal with an adequate filter [45]. Thus, an estimate of the
time varying mean square value of a signal x(n) may, for instance, be produced
according to the convolution sum:

Ê[x2(n)] =
1

N

N−1∑
j=0

x2(n− j)h(j), n ∈ {N − 1, N, . . .} (3.10)
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The MASVF not only smoothens random variations of the signal but also gives
an indication of the mean square properties of a signal [45]. The mean square value
estimates may also provide information about the stationarity of a signal [38] . The
moving average filter acts as a low-pass filter over the squared magnitude of the
signal. The part of the squared signal that is within the bandwidth of the filter is
not attenuated while the part of the squared signal that is outside the bandwidth is
attenuated [45]. The averaging time defines the length of the filter [45]. If different
time varying properties of the mean square value of a signal are desired, filters with
different lengths may be used instead of filters with fixed length [45].

Spectral Properties

Power Spectral Density

The Power Spectral Density (PSD) of a weakly stationary random signal x(t) is
defined as the Fourier transform of the autocorrelation function Rxx(τ) = E[x(t +
τ)x(t)] [38]. For a sampled random signal x(n) the PSD is usually computed using
the Welch’s spectrum estimator [45]. The Welch spectrum estimate is obtained by
averaging a number of periodograms. Each periodogram is based on segments of a
time sequence x(n), each segment consisting of N samples. Thus the original time
sequence of data must be divided into data segments as:

xl(n) = x(n+ lD) where

{
n = 0, 1, . . . , N − 1
l = 0, 1, . . . , L− 1

(3.11)

where lD is the starting point for each periodogram and D is the overlapping in-
crement. If D = N there is no overlap, and if D = N/2 there is a 50% overlap
between the consecutive time sequences xl(n) and xl+1(n). The Welch’s power
spectral density estimator is given by [46]:

P̂ PSD
xx (fk) =

1

FsLNUPSD

L−1∑
l=0

∣∣∣∣∣∣
N−1∑
n=0

xl(n)w(n)e
−j2πnk/N

∣∣∣∣∣∣
2

, fk =
k

N
Fs (3.12)

where k = 0, ..., N/2, L is the number of periodograms, N is the length of the
periodogram, l is related to the overlapping increment (usually 0 − 50% of the
periodogram length), Fs is the sampling frequency, w(n) is a suitable window and

UPSD =
1

N

N−1∑
n=0

(w(n))2 (3.13)
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is the window-dependent effective analysis bandwidth normalization factor
[45].

However the PSD is most suitable for stationary processes which describe how
the power of a signal or time series is distributed over the different frequencies.
Average power in a signal over a frequency band gives an indication of the total
power in a signal over that frequency band.

Further, a one-sided PSD contains the total power of the signal in the frequency
interval from DC to half of the Nyquist rate whereas a two-sided PSD contains the
total power in the frequency interval from DC to the Nyquist rate.

Power Spectrum

In estimating spectral properties of a signal, it is important to select an appropriate
scaling of the spectrum estimator [38, 47]. The spectrum estimates may be scaled
for either the tonal components of a signal -power spectrum estimates- or the ran-
dom part of a signal -power spectral density (PSD) estimates- [47].
The Power Spectrum (PS) of a periodic sampled signal x(n) is usually computed us-
ing the Welch’s spectrum estimator [45]. The Welch spectrum estimate is obtained
by averaging a number of periodograms. Each periodogram is based on segments
of a time sequence x(n), each segment consisting of N samples [12].

Thus, the original time sequence of data must be divided into data segments
[46] The Welch’s power spectrum estimator is given by [12, 46]:

P̂ PS
xx (fk) =

1

LNUPS

L−1∑
l=0

∣∣∣∣∣∣
N−1∑
n=0

xl(n)w(n)e
−j2πnk/N

∣∣∣∣∣∣
2

, fk =
k

N
Fs (3.14)

where k = 0, ..., N/2, L is the number of periodograms, N is the length of the
periodogram, l is related to the overlapping increment (usually 0 − 50% of the
periodogram length), Fs the sampling frequency, w(n) is a suitable window and

UPS =
1

N
(
N−1∑
n=0

w(n))2 (3.15)

is the window-dependent magnitude normalisation factor.
Further, a one-sided PS contains the total power of the periodic components of

a signal in the frequency interval from direct current (DC) to Fs/2, where Fs is the
sampling frequency, whereas a two-sided PS contains the total power of the periodic
components in the frequency interval [−Fs/2 : Fs/2].
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Hilbert Transform

The Hilbert Transform (HT) is a useful technique for determining the instantaneous
amplitude and instantaneous frequency of a signal [48]. HT is not a transform
between domains in contrast to other integral transforms like Fourier transform,
wavelet transform, etc, rather, it produces a new signal in the same domain as the
original signal by assigning a complementary imaginary part to a given real part, or
vice versa, by shifting each components of a signal by a quarter of a period [34,48].
The HT of a real-valued time signal x(t) may be produced as [34, 48]:

x̂(t) = π−1

∫ ∞

−∞

x(τ)

t− τ
dτ = x(t)∗(πt)−1 (3.16)

HT corresponds physically to a special type of linear filter with all the ampli-
tudes of the spectral components left unchanged and the phases shifted by π

2
[48].

However, HT is mostly used in envelope calculation and in creating the so-called
analytic signal [34]. Furthermore, the analytic signal is a complex-valued signal
z(t) whose real part is the original signal x(t) and its imaginary part is provided by
the HT of the signal x̂(t) as in [48, 49]:

z(t) = x(t) + ix̂(t) (3.17)

In addition, the demodulated signal is the absolute value of the complex-valued
analytic signal z(t) obtained via the HT [49].

Spectrogram

The Spectrogram is a time-frequency signal processing technique which provides
information about a signal in both the time and frequency domain at the same time
[39]. The Spectrogram is the squared magnitude of the Short Time Fourier Trans-
form (STFT). The STFT is a windowed Fourier Transform whose window has fixed
length [39]. The discrete time STFT of a sampled signal x(n) may be produced as
[39]:

X(k, lD) =
M−1∑
n=0

x(n)w(n− lD)e−j2π k
N
(n−lD) (3.18)

where lD is the starting point for each periodogram according to Welch’s method,
D is the overlapping increment, M is the length of the time series and w(n − lD)
is a suitable window.

The Spectrogram is thus given by:

Spectrogram(k, lD) =
1

FsLNUPSD

∣∣X(k, lD)
∣∣2 , k > 0 (3.19)
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where k = 0, ..., N/2, L is the number of periodograms, N is the length of
the periodogram, l is related to the overlapping increment (usually 0 − 50% of the
periodogram length), L is the number of periodograms, Fs the sampling frequency,
w(n) is a suitable window and

UPSD =
1

N

N−1∑
n=0

(w(n))2 (3.20)

is the window-dependent effective analysis bandwidth normalization factor
[45].

Spectral Kurtosis

The Spectral Kurtosis (SK) is a higher order statistical tool which can handle non-
Gaussian components of a signal showing their location in the frequency domain
[50]. SK is a powerful tool to use for detecting transients in a signal and thus
complements the PSD which may remove non-stationarities in a signal [50]. Fur-
thermore, SK is suitable for analyzing signals corrupted with Gaussian noise since
higher-order statistics are blind to Gaussian measurement noise [50, 51]. The SK
may be defined as [36, 50]:

SKY (f) =
E[|Y (f)|4]
E[|Y 2(f)|2] − 2 (3.21)

where Y (t, f) is the Fourier transform of the signal, E[·] is the expectation op-
erator, |Y (t, f)|4 is the fourth power of the magnitude of signals Fourier transform
and |Y (t, f)|2 is the second power of the magnitude of signals Fourier transform.
The SK may be estimated with the aid of the STFT according to [50]:

ŜKY (k, lD) =
Ê[|Y (k, lD)|4]
Ê[|Y 2(k, lD)|2] − 2 (3.22)

where Ê[|Y (k, lD)|4] and Ê[|Y 2(k, lD)|2] are etimates of the expectations
based on time averages. Care should be taken when choosing overlapping incre-
ment D with concern to aliasing and when choosing window length N . The window
length N should be longer than the signal’s correlation length and sufficiently short
to resolve temporal variation in its spectral properties [50]. Furthermore, with in-
creasing window length the STFT approaches Gaussianity according to the central
limit theorem and thus the spectral kurtosis will approach zero [50].

The window length N should be longer than the signal correlation length and
shorter than the temporal variation of its spectral content.
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Adaptive Line Enhancer

Adaptive filtering is based on a step by step adjustment of the filter coefficients
during the filtering operation, allowing the tracking of slowly changing statistics of
the input data [52, 54]. To separate deterministic and stochastic vibration signal,
an Adaptive Line Enhancer (ALE) may be utilized [35, 53]. An Adaptive Line
Enhancer (ALE) is an adaptive self-tuning filter where the input signal is a mixture
of a deterministic signal and uncorrelated stochastic signal from one sensor [53–55].
Furthermore, an ALE is capable of detecting extremely low-level sine waves in
noise [53]. The Recursive-Least-Squares (RLS) adaptive algorithm is used in this
thesis to steer the ALE filter. For adequate signal separation the time delay, filter
order and the convergence must be carefully selected based on the given signal [35,
57]. The delay of the ALE filter should be longer than the correlation length of the
random part of the signal [35, 57]. The ALE is illustrated in figure 3.1 [35, 53].

Figure 3.1: Adaptive Line Enhancer (ALE)

It is important to note that bearings in an actual transmission exhibits stochastic
behavior with low frequencies [17, 56]. When vibration is measured on a rotating
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machinery, the measured vibration data is a combination of the deterministic signal
(gears, turbine, impeller, stator etc) and the stochastic signal [57].The determinis-
tic part of the signal tends to mask the bearing signal, hence the need to separate
the stochastic part from the deterministic part after the vibration signal has been
synchronously resampled to the order domain [34, 57].

3.1.2 Bayesian Learning
Bayes’ rule uses a prior belief of the evidence based on subjective probabaility to
make inference and decision [58, 59]. Bayesian learning is a powerful tool for
making prediction as it combines prior information of a parameter available with
knowledge measured during an experiment to update the belief regarding the value
of the parameter producing a result with a narrower confident bound [58, 59]. Fur-
thermore, Bayesians utilize probability density to summarize the uncertainty of the
value of a parameter [58]. In Bayesian learning, a probability model is fitted to a set
of data and a summarized result by a probability distribution on the parameters in
the model and on the unobserved quantities is produced [60]. Bayes’ theorem uti-
lizes the method of updating the probability density function which represents the
uncertainty about the value of a parameter [58]. Bayes’ Theorem may be produced
as:

p(θ|y) = f(y|θ)p(θ)
m(y)

, (3.23)

where

m(y) =

∫
f(y|θ)p(θ)dθ, (3.24)

and where p(θ|y) is known as the posterior density, p(θ) the prior density, m(y)
the marginal density of the data and f(y|θ) the sampling density of the data which
represents the likelihood function.



32 CHAPTER 3. THEORETICAL BACKGROUND



Chapter 4

Research approach

This chapter describes the research approach used including a description of the
experimental set-up of the concept study.

Figure 4.1: Research Approach

The research approach (see Fig. 4.1), is based on both qualitative and quantita-

33
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tive research methods [64,65]. The qualitative method utilized includes interviews
with experts working with driveline parts within in the industry. This was necessary
in order to better understand the the different driveline parts condition monitoring
available today. Visits were made to the wet clutch laboratories at Luleå University
of Technology, Sweden where wet clutch researchers were interviewed.
In addition, a comprehensive literature study was carried out in order to identify
the gap to be filled by this thesis. The quantitative methods used were concept
study, data collection from sensors and testing different concepts/feature extraction
methods on the data to find suitable methods for clutch slippage deviation detec-
tion and vibration-based monitoring of the torque converter, bearings, transmission
gears and axles. In this way the relevant signals were identified. A schematic of the
research approach is presented in Fig.4.1.

This research was carried out in two phases, the first phase was on automatic
transmission clutch slippage deviation detection and the other phase was focused
on the torque converter, bearings, transmission gears and axles.

Figure 4.2: Phase 1: The Volvo CE Smart Vortex use case

The first phase of this research was carried out together with a number of part-



4.1. QUALITATIVE METHODS 35

ners from Europe (in the Smart Vortex project) who required detection of the clutch
slippage deviations for other purposes such as collaborative decision making in en-
gineering, visual query editor, back office etc. Fig. 4.2 shows how the deviation
detection method developed in this thesis fits into the overall Smart Vortex project.

Figure 4.3: Phase 2: The Volvo CE Smart Vortex follow-up Project Set-up

The second phase was an extension of the first phase with the addition of the
condition monitoring of some other driveline parts such as the torque converter,
bearings, transmission gears and axles. Fig. 4.3 shows VCE condition monitoring
project set up.

4.1 Qualitative methods

4.1.1 Literature Reviews
An in-dept literature reviews was carried out for torque converter, clutches, gearbox,
axles and bearings as presented in chapter 1 and 2 of this thesis.
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4.1.2 Interviews
Semi-structured and open-ended interviews [61, 62] were conducted with experts
at Volvo CE and with researchers working in the area in the Machine Elements divi-
sion at Luleå University of Technology, Sweden. The questions were informal and
usually some questions led to another during the interviews. The answers gathered
from these different experts were documented and complemented with an in-depth
literature study in the area of the different driveline parts as presented in chapter 1
and 2. An alternative way would have been through questionnaires, but face-to-face
interviews were preferred because detailed explanation of the concept was required
and sometimes one answer led to another question which would be missed by use
of questionnaires with predefined questions.

4.2 Quantitative methods of the concept study

4.2.1 Experimental set-up for Phase 1 of Research
To simulate leakage in the clutches, two manual needle valves were installed on the
pressure out-takes on clutch 1 and clutch 2.

Figure 4.4: Installed needle valves on the pressure outlets of the Transmission on
the L90F complete machine

This enables adjustment of the oil pressure measurement nipples going to the
piston in the clutches.
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Figure 4.5: Phase 1 Experimental Set-up: (a) The L90F Wheel Loader; (b)the Pres-
sure sensors; (c) Vector CAN-case; (d) Torque Flange on front propeller shaft; (e)
Torque sensor on rear propeller shaft; (f) Autodata 1200A Torsion Measurement
System (under seat) and; (g) IPETronic Data Acquisition Device (brown)

The system was set up as presented in Figure 4.4. Furthermore, the experimen-
tal set-up is illustrated in Fig. 4.5. A Volvo Construction Equipment L90F Wheel
Loader was used in the experiments. A steep hill was used as the driving track in
the experiments, with different drivers but similar driving style in all measurements.

To permit an initial investigation of the vibration measured in the automatic trans-
mission for clutch slippage detection, the gear signal and clutch pressures from the
above on-board set-up were used as a reference for vibration data logging. The
vibration signals were recorded using a SQuadriga 1369 Data Acquisition system,
sampling frequency 6kHz, connected to a triaxial accelerometer attached to the au-
tomatic transmission. The triaxial accelerometer was mounted as close as possible
to clutch 1 and 2 to measure vibration as in Fig. 4.6.
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Figure 4.6: L90F Wheel Loader with Accelerometer attached on the Automatic
Transmission.

4.2.2 Clutch slippage deviation detection methods

The feature extraction methods presented in chapter 3, Theoretical Background, was
utilized in this research. The MASVF and the estimator of the fourth order statisti-
cal properties were utilized for clutch slippage detection from available CAN-Bus
signals and were implemented onboard. These feature extraction methods provide
the solution to research questions 1 and 2, enabling the relevant CAN-Bus signals to
be identified with these suitable feature extraction methods. In addition, the spec-
trogram and the spectral kurtosis were utilized for clutch slippage detection from
transmission vibrations.
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4.2.3 Experimental set-up for Phase 2 of Research

Figure 4.7: Phase 2 Experimental Set-up: (a) The L180H Wheel Loader; (b)The
Torque Converter with vibration sensor; (c) The Gearbox with vibration sensor;
(d)IPETronic Data Acquisition Device; (e) The Rear Axle with vibration sensor (f)
The Front Axle with vibration sensor

In order to adequately measure vibrations of the torque converter, gearbox, front
and rear axle, triaxial accelerometers were mounted on the torque converter, gear-
box, front and rear axles as in Figure 4.7. The engine speed from the machine
CAN-bus was logged synchronously with the vibration data. A Volvo Construction
Equipment L180H Wheel Loader was used in the experiments. The Volvo CE test
track in Eskilstuna, Sweden, was used in the experiments as driving track, using one
driver and similar driving style in all measurements.

In addition, vibration data from the test rig during torque converter durabil-
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ity test for the L90H transmission was also recorded. The vibration signals were
recorded using a SOMAT eDAQ Data Acquisition system, sampling frequency 5000
Hz, connected to a triaxial accelerometer attached on the top side of the torque con-
verter housing close to the torque converter shaft. In order to adequately measure
vibrations of the torque converter, the triaxial accelerometer was mounted as close
as possible to the torque converter as in Figure 4.8. The engine speed from the
machine CAN-bus was logged synchronously with the vibration data.

Figure 4.8: L90H Transmission Test Rig with accelerometer mounted on the top
side of torque converter housing.

4.2.4 Vibration-based condition monitoring methods for torque
converter, bearings, axles and gearbox

The condition monitoring methods utilized in the monitoring of the torque con-
verter, bearings, gearbox and axles are presented in chapter 3, Theoretical Back-
ground. The order analysis techniques utilized for the feature extraction torque
converter, bearings, axles and gearbox are the ALE, order power spectrum and or-
der modulation spectrum. Bayesian learning was utilized for the adaptive learning
of the extracted features. These feature extraction methods provide the solution to
research questions 1 and 2, enabling the relevant features to be identified with these
suitable feature extraction methods. In addition, the bayesian inference learns the
extracted features providing solution to research question 3.
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4.3 Reliability, validity and generalizability

The concept of reliability, validity and generalizability are crucial to both qualitative
and quantitative research. A brief description of each will be discussed in terms
of both qualitative and quantitative research and how they were considered in this
thesis.

According to Robert Thorndike [63], reliability "is how accurately and precisely
the test score assesses the domain from which the test does in fact draw a sample",
while validity acertains if the "test tasks match the attributes or domain of knowl-
edge that we wish to assess".

Paula et al. [64] defined reliability in research as "how far a test, procedure or
tool will produce similar results in different circumstances, assuming nothing else
has changed".

Validity in research "describes the extent to which a measure accurately repre-
sents the concept it claims to measure" [64].

Generalizability was described by Denise et al. [65] as "an act of reasoning that
involves drawing broad conclusions from particular instances, that is, making an
inference about the unobserved based on the observed". Denise et al. also stated
that "in quantitative research, generalizability is a major criterion for evaluating the
quality of a study" and that in qualitative research "the issue of generalizability is
even more complicated and more controversial" [65].

4.3.1 Qualitative research - reliability, validity and generaliz-
ability

With respect to qualitative research, Paula et al. [64] stated that "reliability can be
thought of as the trustworthiness of the procedures and data generated". In qual-
itative research, findings can be confirmed by revisiting data in different circum-
stances, a form of inter-rater reliability may be carried out such as "sending data to
independent researcher to verify how much agreement there is about the findings
and analysis" [64]. They also pointed out that " keeping detailed notes on decisions
made throughout the process will also add to the project’s auditability and there-
fore, reliability". In addition, they stated that the qualitative content analysis is a
reliable method of handling data; this includes creating specific codes to describe
the data and can be confirmed by revisiting previously coded data periodically to
check for stability over time. They stated that "other methods of increasing reliabil-
ity include ensuring technical accuracy in recording and transcribing", and also that
"tape-recorded interviews and interview transcripts can help improve reliability".

In this thesis, detailed notes from all interviews were taken, adding to a better
understanding of the research subject and thorough examination of the project. This
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can be repeated and the same results obtained if the same persons are interviewed
but this was not repeated.

According to Paula et al. [64], as regards qualitative research, validity is assessed
in terms of how well the research tool measured the phenomena under investigation.
They also stated that validity is more difficult to acertain in qualitative research be-
cause of "research bias, arising from selective collection and recording of data, or
from interpretation based on personal perspectives" [64]. Ways to minimize re-
search bias include, ’bracketing’, which Paula et al. [64] described as a situation
"whereby researchers attempt to suspend their experience, judgment and beliefs",
even though this is usually difficult if not impossible to achieve. Furthermore, they
stated that "the credibility of findings is increased if researchers make explicit their
pre-suppositions and acknowledge their subjective judgements" [64].

Another approach to reducing research bias is referred to as "respondent vali-
dation" which Paula et al. [64] defined as "the practice of researchers sharing inter-
pretations and theorizing with the research participant, who can check, amend and
provide feedback as to whether they are recognizable accounts consistent with their
experience". Respondent validation is not sufficient for good research. Therefore,
another method to reduce research bias, referred to as "low inference descriptors",
which Paula et al. [64] defined as "the practice of using examples of participants’
verbatim accounts within the written account of the findings to demonstrate that
findings are grounded in the data" is suggested. Another much better way of en-
hancing validity is known as "triangulation" which Paula et al. [64] defined as "the
combination of two or more theories, data sources, methods or researchers in the
study of a topic".

In this thesis, respondent validation was adopted as a way of avoiding research
bias. In this case, experts in the research field were allowed to check, amend and
provide feedback regarding this thesis based on their experience.

Triangulation was also adopted involving a combination of methods.
Denise et al. [65] discussed three models of generalizability: statistical, ana-

lytic and transferability. Statistical generalizability is mostly adopted in quantita-
tive research and is discussed in section 3.2.2. Denise et al. [65] described ana-
lytic generalization as a form of generalization which is mostly linked to qualitative
research and indirectly used within theory-driven quantitative research [65]. Ad-
ditionally, analytic generalization entails "qualitative researchers developing con-
ceptualizations of processes and human experiences through in-depth scrutiny and
higher-order abstraction" and "in the course of their analysis, they distinguish be-
tween information that is relevant to all (or many) study participants, in contrast to
aspects of the experience that are unique to particular participants" [65]. The last
model of generalizability discussed by Denise et al. [65] is transferability generaliz-
ability, also called case-to-case translation. This "involves the use of findings from
an inquiry to a completely different group of people or setting" [65]. Transferabil-
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ity generalizability is also known as reader generalizability because "the main work
of transferability is done by readers and consumers of research, who evaluate the
extent to which the findings apply to a new situation". As a result it is the readers
and users of research who transfer the result [65]. The results from this thesis are
generalizable to similar contexts based on transferability.

4.3.2 Quantitative research - reliability, validity and generaliz-
ability

Paula et al. [64] classified reliability in quantitative research into two categories:
inter-rater reliability and test-retest reliability [64]. Inter-rater reliability means that
"any research tool should provide the same information if used by different people,
while test-retest reliability means that the information should be the same regard-
less of what time any research tool is used, for example, if a research tool is used
on Friday morning and again on Sunday afternoon, the information should be the
same" [64].

In this thesis, test-retest reliability and inter-rater reliability were adopted. The
experiments were controlled to enhance reliabilty. The same test was performed
many times by different drivers (except for the vibration test where only one driver
was used) on different days and at different times. All the extra test equipment was
re-calibrated to ensure reliable data collection.

Paula et al. [64] described validity in quantitative research in two broad mea-
sures: external and internal validity. External validity deals with a representative
sample. Paula et al. [64] describes it as "the ability to apply with confidence the
findings of the study of other people and other situations, and ensure that the con-
ditions under which the study is carried out are representative of the situations and
time to which the results are to apply".

Further, Paula et al. [64] stated that "internal validity addresses the reasons for
the outcomes of the study and helps to reduce other, often unanticipated, reasons
for these outcomes". Internal validity is assessed using three methods: content
validity,criterion-related validity and construct validity [64].

According to Paula et al. [64], content validity "focuses on the relevance and
representativeness of items to the intended settings , such as individual questions in
a questionnaire to the intended setting". Paula et al. [64] also stated that it is "the
weakest level of validity". It is therefore of primary importance to "measure this
if the study is designed to ascertain respondents knowledge within a specific field
or to measure personal attributes such as attitude [64]". On the other hand, they
described criterion-related validity as a "stronger form of validity, established when
a tool such as a questionnaire can be compared to other similar validated measures
of the same concept or phenomenon [64]. Paula et al. [64] stated that "construct
validity involves demonstrating relationships between the concepts under study and
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the construct or theory that is relevant to them. They further emphasized that there
are different ways of demonstrating construct validity, such as factor analysis, which
refers " to a number of statistical procedures used to determine the characteristics
that relate to each other" [64].

For this thesis, external validity was used, involving the utilization of some find-
ings from previous studies to suit this particular thesis project. In addition, construct
validity i.e. triangulation, which is a form of internal validity, has been adopted
during the research. Different sources of data, different researchers and experts in
driveline parts were utilized during the course of this research to ensure consistency,
comprehensiveness and robustness of the study and also with respect to each mea-
sured signal, different feature extraction methods based on signal processing and
statistics were tested in other to determine the most reliable and valid based on the
study.

According to Denise et al. [65], in statistical generalizability, which is mostly
adopted in quantitative research, researchers aim at "selecting a representative sam-
ple of a population" and the best way to obtain a representative sample is by "prob-
ability (random) methods of sampling, which gives every member of the population
an equal chance to be included in the study with a determinable probability of se-
lection". Thus "random sampling is the vehicle through which the statistical model
of generalization can be enacted" [65].

The result from this thesis can be generalized based on statistical generalization.
The methods presented are generic Wheel Loader automatic transmission and axles
and can be extended to driveline parts of other heavy duty equipment variants such
the excavator, haulers etc.



Chapter 5

Results

In this chapter, the major results from the underlying research are presented.

5.1 Clutch Slippage Deviation Detection (Papers F
and G)

The feature extraction approach presented in this thesis is based on signal process-
ing methods. The additional sensors added to the machine for measuring the clutch
pressures, etc., provided reference signals to help identify clutch slippage but these
additional sensor signals were not considered for the onboard feature extraction al-
gorithm development. This part of the research only considers the feature extraction
algorithm development for CAN-bus signals available in the machine today. Esti-
mates of the higher order statistics of the differential speeds, output speed, turbine
speed and turbine torque signals provided good indications of clutch slippage as
shown in table 5.1 and table 5.2.

When processed with the MASVF, the differential speed 1 signal provided a
good indication of clutch slippage, as presented in Fig. 5.2.

Other statistical methods (see Fig. 5.1) were investigated but a combination of
the higher order statistics and the MASVF provided robust information for detecting
clutch slippage using only the available CAN-bus signals.

5.1.1 Higher order statistics: Kurtosis
The kurtosis for each of the CAN-bus signals was estimated during the clutch en-
gagement part and the results are presented in tables 5.1 and 5.2 given below:

The kurtosis results for the CAN-bus signals in tables 5.1 and 5.2 indicate dif-
ferences between the cases of clutch slippage and no clutch slippage. This provides
an indication of which CAN-Bus signals are relevant for clutch slippage detection.

45
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Figure 5.1: Summary of the statistical properties for clutch slippage and non-
slippage

Table 5.1: Kurtosis values obtained in the case of no clutch slippage

Differential
Speed 1

Differential
Speed 2

Output
Speed

Turbine
Speed

Turbine
Torque

5.634 4.9055 5.6837 3.5152 3.5172
6.5279 5.8958 4.1985 4.3244 4.1297
7.1882 6.6851 4.4596 4.7167 5.1261
2.4357 2.2671 3.8482 1.8557 1.8729
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Table 5.2: Kurtosis values obtained in the case of clutch slippage

Differential
Speed 1

Differential
Speed 2

Output
Speed

Turbine
Speed

Turbine
Torque

1.811 2.0128 3.2147 1.6865 1.7863
1.9542 2.0576 4.6225 1.8431 2.2753
1.6627 1.8836 3.8121 1.6731 1.8809
1.6541 1.7516 2.2406 1.6332 1.7420
1.7767 1.6713 2.8705 1.5620 1.7888

5.1.2 Mean Square Value and Sliding Mean Square Value filter-
ing

In order to detect slippage, the engagement part of the clutch 1 differential speed
signal for each gear shift was passed through the moving average square value filter
averaging length of 10 samples was used.

Figure 5.2: The Sliding Mean Square value filtering of clutch 1 differential speed
showing clutch slippage and non clutch slippage
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After filtering, the mean square value of each differential speed signal was sub-
tracted from the moving average square value filtered signal to provide a distinct
indication of clutch slippage. As illustrated in Fig. 5.2, the red curves indicate
clutch slippage while the blue represents no clutch slippage. This is therefore also
seen to be a suitable feature extraction method for clutch slippage deviation detec-
tion.

5.2 Clutch slippage detection from transmission vi-
bration (Paper E)

The results from the initial investigation of the vibration measured on the automatic
transmission of an L90F Wheel Loader, with and without clutch slippage, indicates
that information related to abnormal clutch slippage may be extracted from mea-
sured transmission vibration using spectrogram and spectral kurtosis.

In Fig. 5.3 spectral kurtosis for gearbox vibration for clutch slip is shown in a
3-D plot while Fig. 5.4 shows a spectrogram for the corresponding gearbox vibra-
tion. For the case with no clutch slippage spectral kurtosis for gearbox vibration
is shown in a 3-D plot in Fig. 5.5 and a spectrogram for the corresponding gear-
box acceleration in Fig. 5.6. From the figures, the time and frequency domain
axes provide an indication as to how the clutch frequencies vary over time during a
gear shift. Furthermore, the results also show that clutch slippage vibrations exhibit
non-stationary stochastic behavior.
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Figure 5.3: Spectral Kurtosis of gearbox vibration with clutch slippage

Figure 5.4: Spectrogram of gearbox vibration with clutch slippage
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Figure 5.5: Spectral Kurtosis of gearbox vibration without clutch slippage

Figure 5.6: Spectrogram of gearbox vibration without clutch slippage

Comparing the spectrogram results for the cases of clutch slippage and no clutch
slippage, a more broadband spectrum can be observed when there is no clutch slip-
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page as shown in Figures 5.4 and 5.6. Also, with no clutch slippage two ridges
in the spectrogram are more pronounced. At around 0.01 seconds, the frequency
peaks at about 1688Hz are higher when there is clutch slippage than when there
is none. Also, at about 0.58 seconds on the Spectrogram, the frequency peak at
approximately 1875Hz is higher when there is no clutch slippage.

The spectral kurtosis for the case with clutch slippage and no clutch slippage
also show a variation: a high peak at approximately 2625Hz for no clutch slippage
case and no peak for the clutch slippage case. From 0.7 seconds to 1 second, the
spectral kurtosis peaks at around 750Hz and 1500Hz frequency range appear more
pronounced and higher for the clutch slippage case compared to the case of no
clutch slippage.

Clutch slippage can therefore be detected from transmission vibrations using
spectral kurtosis or spectrogram.

5.3 Clutch slippage framework
The individual results presented in sections 5.1 and 5.2 can be combined into a
unified frame work for clutch slippage deviation detection as shown in Fig.5.7. In
this way, a combination of all methods presented provides an ensemble algorithm
for clutch slippage detection given the respective signals.

The estimator of the fourth order statistical properties of the signal and the
MASVF presented in this thesis detect abnormal clutch slippage utilizing avail-
able CAN-Bus signals. The spectral kurtosis and spectrogram may be used to de-
tect abnormal clutch slippage from transmission vibration. The feature extraction
methods presented in this thesis therefore make up the clutch slippage deviation
detection framework.The feature extraction approach developed is generic for auto-
matic transmission wet clutches of heavy duty construction equipment and thus can
be extended to wet clutches of heavy duty equipment other than the L90F Wheel
Loader.
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Figure 5.7: Clutch slippage framework
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5.4 Vibration-based Condition Monitoring of a
Torque Converter(Papers A and G)

The results outlined below are as a Order Power Spectrum estimation and a Or-
der Modulated Power Spectrum of the measured vibration signal around the torque
converter of the L180H Wheel Loader.

Figure 5.8: Order Power Spectrum of the torque converter vibration from the ac-
celerometer placed on the x-direction of the top side of the torque converter housing.

The orders 29, 27 and 13 and their harmonics corresponding to the torque con-
verter’s impeller, turbine and stator respectively are seen on Figures 5.8 and 5.10.
In addition, harmonics of the order 29 which corresponds to the impeller are more
pronounced around order 87 on the order power spectrum. Also, on the order mod-
ulation spectrum on Figures 5.9 and 5.11, the order 29 which correspond to the
impeller is observed to have significant peaks around order 29 and slightly lower
around its harmonic at order 58. By comparing the order power spectrum and order
modulation power spectrum for the vibration measured around the torque converter,
it can be observed that the order modulation power spectrum seems to magnify
peaks with higher amplitude and suppress peaks with lower amplitude.

Monitoring the orders of the related to the torque converter impeller, stator and
turbine provides information about the state of health of these different features.
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Figure 5.9: Order Modulation Spectrum of the torque converter vibration from the
accelerometer placed on x-direction of the top side of the torque converter housing.

Figure 5.10: Order Power Spectrum of the Torque Converter vibration from the
accelerometer placed on the y-direction of the left side of the Torque Converter
housing
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Figure 5.11: Order Modulation Spectrum of the torque converter vibration from
the accelerometer placed on the y-direction of the left side of the Torque Converter
housing.

5.5 Vibration-based Condition Monitoring of an
Axle (Papers B and G)

The Order Power Spectrum estimates and the Order Modulation Power Spectrum
estimates of the measured vibration signal of the rear and front axles of the L180H
Wheel Loader are presented.The orders 9 and its harmonics corresponds to the order
of the pinion of the axle.

The Order Power Spectrum of the rear axle vibration from the accelerometer
mounted on the x-direction as in Figure 5.12 shows that the order of the pinion may
be observed around 9, and its harmonics around 27, 45, 54, 81, 108. However, high
peaks appear around order 86, 114, 143, 169 and 254. The Order Modulation
Power Spectrum of the rear axle vibration from the accelerometer mounted on the
x-direction as shown in Figure 5.13 indicates that that the order of the pinion may be
observed around order 9 and 18. Also, high vibration peaks are also noticed on order
28.75, 47.75, 83.75 and 168.5 which correspond to the actual order of the pinion at
27, 45, 81, and 171. The Order Power Spectrum of the front axle vibration from
the accelerometer mounted on the z-direction as in Figure 5.14 indicates a high
vibration peaks around 84.75, 114.5 and 169.8 which correspond with the pinion
order at 81, 117 and 171. Furthermore, the Order Modulation Power Spectrum
of the front axle vibration from the accelerometer mounted on the z-direction as
shown in Figure 5.15 shows orders around 9. Noticeable peaks are also seen on
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Figure 5.12: Order Power Spectrum of the rear axle vibration from the accelerom-
eter mounted on the x-direction.

Figure 5.13: Order Modulation Spectrum of the rear axle vibration from the ac-
celerometer mounted on the x-direction.
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Figure 5.14: Order Power Spectrum of the front axle vibration from the accelerom-
eter mounted on the z-direction.

Figure 5.15: Order Modulation Spectrum of the front axle vibration from the ac-
celerometer mounted on the z-direction.
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29.75, 84.75, 169.8 which may correspond to the pinion order around 27, 81 and
171 of the pinion harmonics. To summarize, both the Order Power Spectrum and the
Order Modulation Spectrum provides information concerning the vibration orders
e.g. originating from the pinion of the rear and front axles which provide indications
concerning potentially abnormal vibrations. Monitoring the orders related to the
pinion of the axles provides information about the state of health of axle well in
advance before a potential failure.

5.6 Vibration-based Condition Monitoring of Bear-
ings (Papers C and G)

a) b)

Figure 5.16: a) Order Power Spectrum of the Stochastic Signal. and b) Order Power
Spectrum of the Deterministic Signal.

The results are outlined below as ALE, Order Power Spectrum estimation and
a Order Modulated Power Spectrum estimation of the measured vibration signal
around the torque converter of the L90H automatic transmission test rig. Some of
the orders of the bearings of the torque converter and their harmonics are identified.

The orders of the bearings and their harmonics are; the ball bearing 6.5,
8.4, 0.4, 4.1, the roller bearing; 16.9, 19.1, 0.47, 7.9, the cylindrical roller
bearing 12.9, 15.1, 0.46, 6.5, the needle bearing 19.2, 20.8, 0.48, 12.6 and the
cylindrical roller bearing 7.2, 9.8, 0.4, 3.2. The Order Power Spectrum of the
torque converter stochastic vibration from the accelerometer mounted on the
x-direction as in Figure 5.16a shows a deep at order 180 which correspond to
the peak on the deterministic vibration as in Figure 5.16b, order 180 represents
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a) b)

Figure 5.17: a) Order Modulation Spectrum of the Stochastic Signal. and b) Order
Modulation Spectrum of the Deterministic Signal.

the harmonic of a gear with 45 teeth directly connected to the torque converter
shaft into the gearbox. The orders of the bearings and their harmonics are visible
on the stochastic signal Order Power Spectrum. The Order Modulation Power
Spectrum of the torque converter stochastic vibration from the accelerometer
mounted on the x-direction as in Figure 5.17b also reveals the bearing orders.
Thus, the results above indicates that the stochastic part of the vibration which is
related to the torque converter bearings may be separated from the deterministic
part using ALE and the internal features of the bearing may be identified with
Order Power Spectrum and Order Modulation Spectrum. A continuous monitor-
ing of the orders of the torque converter bearings would lead to early fault detection.

5.7 Vibration-based Condition Monitoring of a
Gearbox (Papers G)

The result Outlined are ALE, Order Power Spectrum and Order Modulation Power
Spectrum of the measure vibration signal of the gearbox. The stochastic part of the
vibration is related to the Gearbox bearings and the deterministic part is related to
the gears. Information related to the gearbox bearings are revealed in the orders of
the Order Power Spectrum of the stochastic part of the gearbox vibration as shown
in Figure 5.18a. The order spectrum of the deterministic part provide information
related to the engaged gears in the gearbox as shown in Fig. 5.18b. The order
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modulation spectrum of the stochastic and deterministic gearbox signal is presented
in Figures 5.19a and 5.19b respectively. The Order Power Spectrum better reveals
the orders of the gears and bearings of the gearbox when compared to the Order
Modulation Spectrum which attenuates most of the order of the gears and bearings.
Monitoring the orders of the stochastic and deterministic vibration onboard enables
early fault detection of transmission gears and bearings.

a) b)

Figure 5.18: a) Order Power Spectrum of the Gearbox Stochastic Signal. and b)
Order Power Spectrum of the gearbox Deterministic Signal.
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a) b)

Figure 5.19: a) Order Modulation Spectrum of the Gearbox Stochastic Signal. and
b) Order Modulation Spectrum of the Gearbox Deterministic Signal.

5.8 Bayesian Learning of Vibration Features of Driv-
eline parts (Papers A, B, C, D and G)

The results presented below are Bayesian learning of features of vibration signal
measured on the torque converter, gearbox, rear axle of the L180H Wheel Loader
as shown in Figures Fig. 5.20, 5.21, 5.22, 5.23, 5.24 and 5.25 . With Bayesian
learning the extracted features are learned so as to identity a potential failure. In this
thesis, learning of normal vibration data of the torque converter, gearbox, rear axle
data was carried, this allows the identification of a deviation from normal behaviour
in any of the components. In addition, the Bayesian inference is updated for incom-
ing vibration feature. The likelihood is a measure of the order power spectrum from
measured vibration and the prior which is also an order power spectrum estimate is
updated with in coming vibration.



62 CHAPTER 5. RESULTS

a) b)

Figure 5.20: a) Order Power Spectrum of the Torque Converter Stochastic Signal.
and b) Bayesian learning of Torque Converter Stochastic Signal.

a) b)

Figure 5.21: a) Order Power Spectrum of the Torque Converter Deterministic Sig-
nal. and b) Bayesian Learning of Torque Converter Deterministic Signal.
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a) b)

Figure 5.22: a) Order Power Spectrum of the Gearbox Stochastic Signal. and b)
Bayesian Learning of of the Gearbox Stochastic Signal.

a) b)

Figure 5.23: a) Order Power Spectrum of the Gearbox Deterministic Signal. and b)
Bayesian learning of of the Gearbox deterministic Signal.
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a) b)

Figure 5.24: a) Order Power Spectrum of the Rear Axle Stochastic Signal from the
accelerometer mounted on the x-direction. and b) Bayesian learning of the Rear
Axle Stochastic Signal.

a) b)

Figure 5.25: a) Order Power Spectrum of the Rear Axle Deterministic Signal from
the accelerometer mounted on the x-direction. and b) Bayesian learning of the Rear
Axle deterministic Signal.
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5.9 A Framework for Vibration-based onboard
Monitoring of Driveline Parts: Torque Con-
verter, Gearbox, Axles and Bearings

Figure 5.26: Vibration-based Framework for onboard Monitoring of Driveline
Parts: Torque Converter, Gearbox, Axles and Bearings.

The individual results presented in sections 5.4-5.8 can be combined into a uni-
fied frame work for vibration-based onboard monitoring of the torque converter,
gearbox, bearings and axles as shown in Fig.5.26. In this way, a combination of
the feature extraction method and Bayesian inference provide an ensemble algo-
rithm for the monitoring of driveline parts given the respective vibration signals and
engine rotational speed.
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The developed vibration-based monitoring approach developed is generic for
automatic transmission and axles of heavy duty construction equipment and thus
can be extended to other machine variants of heavy duty equipment other than the
L180H Wheel Loader.



Chapter 6

Discussion, Conclusions and Future
work

The main results of the study are robust and reliable condition monitoring methods
for driveline parts in wheel loaders/heavy duty construction equipment using avail-
able CAN-bus signals, as well as additional vibration signals from the transmission
and axles. Frameworks for clutch slippage deviation detection and vibration-based
onboard monitoring of the internal features of torque converter, gearbox, bearings
and axles of heavy duty construction equipment are presented.

The onboard condition monitoring results, which are enabled by the use of on-
board sensor technology and an onboard computer, demonstrates that the internal
features of the major driveline parts in an actual heavy duty construction equip-
ment can be monitored on-board using; higher order statistics, Kurtosis combined
with a Moving Average Square Value filter for automatic transmission clutches, and
ALE, Order Power Spectrum and order modulation Spectrum for torque converter,
bearings, transmission gears and axles. Furthermore, the extracted vibration fea-
tures are learned adaptively on-board using Bayesian learning. Thus, this thesis has
addressed the three research questions with the different methods presented.

The two frameworks presented provides the possibility to perform adequate
analysis on only relevant CAN-bus signals and vibration signals for the onboard
monitoring of torque converter, bearings, clutches, transmission gears and axles.
Furthermore, the condition monitoring methods selected in this study are robust
and reliable for the purpose of on-board monitoring of major driveline parts.

This thesis not only contributes to science but also brings value to the Construc-
tion Equipment business by monitoring the transmission and axles using adequate
onboard algorithms which reveals detailed information about the internal features of
the transmission and axles. This way of monitoring by revealing the state of health
of the internal features of transmission and axles results in early fault detection
which reduces downtime. In addition, this leads to increased customer satisfaction,

67
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reduced warranty cost and increased profit as this may be sold as an extra feature.
Furthermore, onboard processing of data reduces the amount of data transmitted to
the back office as only relevant data is stored thereby reducing the company overall
storage data storage cost.

In future machines, it might be of importance to also investigate on-board health
monitoring of the transmission and axles via the condition of the lubricant using
additional oil quality sensors attached to the transmission and axles, since the oil
carries information concerning the health of the automatic transmission clutches
and the entire transmission as well as the axles.

In regards to future work, it would be of importance that the developed methods
be tested on all machine variants and also on field data/ machine fleets to enable
learning from a broad range of machines used in different ways. In addition, condi-
tion monitoring of the cardan shaft/drive shaft and all bearings related to driveline
parts will be interesting to study. In addition, condition monitoring of Engine and
After-treatment systems will be considered.

Being able to predict potential problems allows for acting in a proactive manner
and planing maintenance instead of having to do reactive maintenance when a se-
vere failure has occurred. Other components of heavy duty construction equipment
than those discussed, which are critical for the availability of the machine and its
function, may be monitored as well in order to improve the customers’ productivity
and the availability level of the construction equipment.

The on-board condition monitoring approach which has been developed, is
generic for automatic transmission and axles of heavy duty construction equipment
and thus can be extended to other variants of Volvo CE heavy duty equipment other
than the variants studied.

The results from this work may be used to support emerging business mod-
els such as those requiring fleet management and monitoring to be able to predict
problems and act proactively related to maintenance and long-term management of
operations [66, 67] . Offers based on these emerging business models may be sold
with availability or productivity clauses, requiring the provider to take additional
costs and manage additional responsibility and risk - but hopefully being compen-
sated for that. In order to stay ahead in global competition, it is necessary that
corporations develop their core competences and customer offers and the customer
value delivered. One way to both develop core competences and customer offers is
to learn more about what is offered and how to keep it operating according to (or
better than) what the customers expect and thus provide top value to the customers.

In accordance with the stated objectives and research questions, the research
presented in this thesis provide methods on how to identify relevant signals for fea-
tures extraction in the transmission and axles, provide a suitable feature extraction
method possible to implement on-board and learn the extracted features adaptively
onboard to prevent automatic transmission and axles failure, has been reached. The
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purpose of this thesis has also been reached as the developed methods would reduce
costly downtime caused by failure of major driveline parts, hence lead to increase
in customer satisfaction, increased sales and increased profit. In addition, Volvo
CE’s ownership the research data means that data can be used within the Volvo
group. This research will continue to advance the state of the art further as well
as incorporate new objectives, such as monitoring of the cardan shaft, Engine and
After-treatment System.

Finally, as the heavy duty construction equipment business aims at improving
uptime to create more value and sustainable competitive advantage, onboard condi-
tion monitoring of component parts will play a big role in the overall uptime goal.
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Improving uptime is paramount in the heavy duty construction equipment business. Failure of

critical components in the heavy duty machine may lead to unnecessary stops and expensive

downtime. The torque converter, a complex component of the driveline, transmits and multiplies

torque from the engine to the gearbox, and its failure may not only lead to the machine standing

still but may also lead to damage of other parts of the automatic transmission.

For adequate condition monitoring of the torque converter, different sensor data are measured

on a construction equipment machine during controlled driving sessions. Vibration has been

measured on the torque converter. An initial investigation of the vibration measured on the torque

converter has been carried out to identify its vibration properties in order to enable its health

monitoring to prevent failure. Initial signal analysis of the data have been carried out using Order

Power Spectrum and Order Modulation Spectrum methods. The results indicate that the torque

converter vibration properties contain information relevant for early fault detection.

1. Introduction

As the requirements to improve up-time and thus to reduce costly down-time continuously in-

creases, the construction equipment business focuses on more and new ways to increase sensitivity of

early fault detection of critical components and parts in order to prevent failure.

The torque converter is a major component of the drive-line in construction equipment heavy duty

machine whose faults are critical for the performance of the drive-line in a machine. Furthermore,

degradation of the torque converter pollutes the lubricant and this may also result in degradation of

components in the automatic transmission. Hence, a torque converter failure may result in down-time

of significant cost, increased service cost and may also increase warranty cost. A torque converter
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transmits and multiplies torque from the engine to the gearbox and it is regarded as one of the im-

portant parts in the automatic transmission. A torque converter consists of three major parts; the

impeller, turbine and stator [1]. Dual-turbine torque converter is widely used in heavy duty construc-

tion equipment which improves the vehicle power performance and fuel economy [2]. A typical

torque converter is shown in Fig. 1 Cai et al. [2] analyzed the torque distribution characteristics

Figure 1: Torque Converter 3-D view.

of the YJSW315 dual-turbine torque converter and observed that the computational fluid dynamics

(CFD) method provided a reference for improving the blades of the working wheels and improving

the performance. Yue Liu [1] investigated the characteristics prediction of the D350 torque converter

based on CFD method and came to the conclusion that, by comparing the simulation result and the

test result, the method provides a scientific basis for the design of the torque converter with respect

to predicting its characteristics. Chu et al. [3] looked in to the optimization design of the cascade

system of the YJSW315 dual-turbine hydrodynamic torque converter using the sliding-mesh theory,

CFD and non-steady state solver . They gathered that the performance of the dual-turbine hydraulic

torque converter is affected by these factors; the respective working impeller blade import and export

angle, blade shape, blade thickness and the flow channel length. Furthermore they pointed out that

the working wheel blade import and export angle factor had the most influence on the the dual-turbine

hydraulic torque converter [3].

Even though a lot of research have been done on the design and optimization of the torque con-

verter, the vibration properties of torque converters seems to have been overlooked. This paper con-

cerns an initial investigation of the vibration properties of a torque converter which may contain

information related to its degradation.

Furthermore, the purpose of this paper is to complement the current methods utilized to detect

torque converter degradation.

2. Materials and Methods

2.1 Experimental Setup

A Volvo Construction Equipment L180H Wheel Loader was used in the experiments. The ma-

chine was warmed-up before the test cycles and the bucket was loaded with 8 tonnes of gravel. The

Volvo CE test track in Eskilstuna, Sweden, was used in the experiments as driving track, using one
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driver and similar driving style in all measurements. The measured parameters used in the investiga-

tion are the engine speed and the torque converter vibration. The experiment was controlled and an

adequate number of recordings were made.

2.2 Measurement Equipment and Setup

The vibration signals were recorded using a LMS Scadas SCR05 Data Acquisition system, sam-

pling frequency 6400Hz, connected to two triaxial accelerometers attached on the left side and top

side of the torque converter housing. In order to adequately measure vibrations of the torque con-

verter, the two triaxial accelerometers were mounted as close as possible to the torque converter as in

Figures 2 and 3. The accelerometer on the left side of the torque converter housing was mounted us-

ing instant adhesive- Loctite 454 and the one on the top side was mounted using magnet. The engine

speed from the machine CAN-bus was logged synchronously with the vibration data.

Figure 2: L180H Wheel Loader with accelerometer attached on the left side of the torque converter

housing.

2.3 Evaluation of the Torque Converter Vibration

The vibration properties of the drive-line may be investigated with the aid of order analysis tech-

niques, frequency domain, time-frequency domain analysis, etc [4, 7]. Order analysis techniques, usu-

ally referred to as order-tracking, and are generally utilized in rotating machinery analysis where the

rotational speed changes over time. Furthermore, order analysis techniques transform a non-stationary

signal in the time domain into a stationary signal in an angular domain providing information about

the vibration related to the changing rotational speed [5].

Order analysis is carried out by first, synchronously resampling the measured vibration based on

the rotational speed measured on an reference shaft [4]. In other words, synchronous sampling adapts

the sample rate of the vibration signal with the changing rotational speed of the reference shaft, thus,

ensuring that the vibration is sampled at an equal angle increment [5]. Thus, the synchronous sampled

vibration originating from rotating parts will basically have a fixed number of samples per cycle and

this number is related to the rotational speed measure of the shaft. The synchronously resampled

samples of the vibration data are said to be in the order or angle domain [4]. Synchronously resampled

signals may be analyzed using different signal processing techniques, in this paper, the Order Power

Spectrum and Order Modulation Power Spectrum are considered [4, 5, 6].
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Figure 3: L180H Wheel Loader with accelerometer attached on the top side of the torque converter

housing.

The Order Power Spectrum may be estimated directly via the Power Spectrum of the syn-

chronously resampled vibration signal. While, the order modulation power spectrum is produced

by first estimating the Hilbert Transform of the synchronously resampled signal and subsequently

producing the Power Spectrum of the so-called analytic signal [4, 6].

2.4 Power Spectrum

In estimating spectral properties of a signal it is important to select an appropriate scaling of the

spectrum estimator [11, 8]. The spectrum estimates may be scaled for either the tonal components

of a signal -power spectrum (PS) estimates- or the random part of a signal -power spectral density

(PSD) estimates- [11].

The Power Spectrum (PS) of a periodic sampled signal x(n) is usually computed using the Welchś

spectrum estimator [9]. The Welch spectrum estimate is obtained by averaging a number of peri-

odograms. Each periodogram is based on segments of a time sequence x(n), each segment consisting

of N samples [12]. Thus, the original time sequence of data must be divided into data segments [10]

The Welchś power spectrum estimator is given by [10, 12]:

P̂ PS
xx (fk) =

1

LNUPS

L−1∑
l=0

∣∣∣∣∣
N−1∑
n=0

xl(n)w(n)e
−j2πnk/N

∣∣∣∣∣
2

, fk =
k

N
Fs (1)

where k = 0, ..., N/2, L is the number of periodograms, N is the length of the periodogram, l is

related to the overlapping increment (usually 0 − 50% of the periodogram length), Fs the sampling

frequency, w(n) is a suitable window and

UPS =
1

N
(
N−1∑
n=0

w(n))2 (2)

is the window-dependent magnitude normalisation factor.

Further, a one-sided PS contains the total power of the periodic components of a signal in the fre-

quency interval from direct current (DC) to half of the Nyquist rate whereas a two-sided PS contains
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the total power of the periodic components in the frequency interval from -Nyquist rate to the Nyquist

rate.

2.5 Hilbert Transform

The Hilbert Transform (HT) is a useful technique for determining the instantaneous amplitude and

instantaneous frequency of a signal [13]. HT is not a transform between domains in contrast to other

integral transforms like Fourier transform, wavelet transform, etc, rather, it produces a new signal in

the same domain as the original signal by assigning a complementary imaginary part to a given real

part, or vice versa, by shifting each components of a signal by a quarter of a period [4, 13]. The HT

of a real-valued time signal x(t) may be produced as [4, 13]:

x̂(t) = π−1
∫ ∞

−∞
x(τ)

t− τ
dτ = x(t)∗(πt)−1 (3)

HT corresponds physically to a special type of linear filter with all the amplitudes of the spectral

components left unchanged and the phases shifted by π
2

[13]. However, HT is mostly used in en-

velope calculation and in creating the so-called analytic signal [4]. Furthermore, the analytic signal

is a complex-valued signal z(t) whose real part is the original signal x(t) and its imaginary part is

provided by the Hilbert transform of the signal x̂(t) as in [13, 14]:

z(t) = x(t) + ix̂(t) (4)

In addition, the demodulated signal is the absolute value of the complex-valued analytic signal z(t)
obtained via the HT [14].

3. Result and Analysis

The results of the research are outlined below as a Order Power Spectrum estimation and a Or-

der Modulated Power Spectrum of the measured vibration signal around the torque converter of the

L180H Wheel Loader.

Figure 4: Order Power Spectrum of the torque converter vibration from the accelerometer placed on

the x-direction of the top side of the torque converter housing.

The orders 29, 27 and 13 and their harmonics corresponding to the torque converter’s impeller,

turbine and stator respectively are seen on Figures 4 and 6. In addition, harmonics of the order 29

which corresponds to the impeller are more pronounced around order 87 on the order power spectrum.
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Figure 5: Order Modulation Spectrum of the torque converter vibration from the accelerometer placed

on x-direction of the top side of the torque converter housing.

Figure 6: Order Power Spectrum of the Torque Converter vibration from the accelerometer placed on

the y-direction of the left side of the Torque Converter housing
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Figure 7: Order Modulation Spectrum of the torque converter vibration from the accelerometer placed

on the y-direction of the left side of the Torque Converter housing.

Also, on the order modulation spectrum on Figures 5 and 7, the order 29 which correspond to the

impeller is observed to have significant peaks around order 29 and slightly lower around its harmonic

at order 58. By comparing the order power spectrum and order modulation power spectrum for the

vibration measured around the torque converter, it can be observed that the order modulation power

spectrum seems to magnify peaks with higher amplitude and suppress peaks with lower amplitude.

4. Discussions

An initial investigation concerning torque converter vibration properties have been carried out.

The above results demonstrates that the torque converter vibration in an actual heavy duty construction

equipment may contain information related to degradation of the torque converter and the automatic

transmission in general. Order power spectrum and Order Modulation power spectrum estimates of

the vibration measured around the torque converter provides information about the features of the

torque converter. Furthermore, the orders related to underlying parts of the torque converter may be

identified using the order power spectrum and the order modulation power spectrum estimates. In

effect, continuous monitoring of the orders related to the torque converter may prevent failure of the

torque convert as potential problems are detected well in advance before a torque converter failure

occurs.

In future machines, monitoring the torque converter vibration on-board via vibration sensors may

enable early fault detection of the torque converter. In addition, on-board monitoring of the aluminum

level in the oil may also provide an indication of the gradual degradation of the torque convert part.

Practically, early fault prediction may save both money and time for the customer, and thus increase

customer satisfaction. Being able to monitor, preferably on-line, critical parts and components such

as the torque converter, is a pre-requisite for using result- or availability-based business models such

as Industrial Product-Service Systems or Functional Products [15, 16]. These business models are

becoming more interesting as additional services, software, knowledge and know-how are added to

product offers [16].

Acknowledgments

This work has been partially supported by Volvo Construction Equipment and the VINNOVA

Excellence Centre the Faste Laboratory at LuleåUniversity of Technology, Sweden.

ICSV23, Athens (Greece), 10-14 July 2016 7



The 23rd International Congress of Sound and Vibration

REFERENCES

1. Yue L., Characteristics Prediction of the Torque Converter Based on CFD, Proceedings of IEEE, 4203–

4206, (2011)

2. Cai W., Chu Y., Ma W. and Han Y., Analysis of the Torque Distribution Characteristics of Dual-Turbine

Torque Converter, Proceedings of the 8th World Congress on Intelligent Control and Automation, 2397–

2400, (2010)

3. Chu Y., Zhong Z., Cai W. and Sun X., Optimization Design of the Cascade System of Dual-Turbine

Hydrodynamic Torque Converter, Proceedings of the International Conference on Mechatronic Science,
Electric Engineering and Computer, 154–157, (2011)

4. Brandt A., Noise and Vibration Analysis: Signal Analysis and Experimental Procedures, ISBN 978-0-470-

74644-8, pp 263-283,379–384 John Wiley & Sons, (2011).

5. Junsheng C., Yu Y. and Dejie Y., The Envelope Order Spectrum Based on Generalized Demodulation

Time-Frequency Analysis and its Application to Gear Fault Diagnosis, Mechanical System and Signal
Processing, 24(2), 508–521, (2010).

6. Randall, R. B., Vibration-based Condition Monitoring: Industrial, Aerospace and Automotive Applica-
tions,John Wiley & Sons, Hoboken, NJ, 172–178, (2011).

7. Källström E., Lindström J., Håkansson L., Karlberg M., Bellgran D., Frenne N., Renderstedt R., Lundin J.

and Larsson J., Analysis of Automatic Transmission Vibration for Clutch Slippage Detection, Proceedings
of the 22th International Congress on Sound and Vibration, Florence, Italy, (2015).

8. Bendat, J. S., and Piersol, A. G., Random Data Analysis And Measurement Procedures, John Wiley &

Sons, third edition, 2000.

9. Andren, L., Håkansson, L., Brandt, A. and Claesson, I., Identification of Dynamic properties of boring bar

vibrations in a continuous boring operation, Mechanical Systems and Signal Processing, 18(4), 869–901,

(2004)

10. Welch, P. D., The use of fast fourier transform for the estimation of power spectra: A method based on

time averaging over short, modified periodograms, IEEE Transactions on Audio and Electroacoustics,70–

73, (1967).

11. Harris, F., On the Use of Windows for Harmonic Analysis with the Discrete Fourier Transform, Proceeding
of the IEEE, vol. 66, (1978).

12. Källström E., On-board Feature Extraction for Clutch Slippage Deviation Detection, ISBN: 978-91-7583-

496, Licentiate thesis, Luleå University of Technology, (2015).

13. Feldman M., Hilbert Transform Applications in Mechanical Vibration, ISBN 978-0-470-97827-6 John

Wiley & Sons, (2011). (2004)

14. Chen G. and Lin S.,Design, Implementation and Comparison of Demodulation Method in AM and FM,

Master of Science Thesis, Graduate Program in Electrical Engineering, Blekinge Institute of Technology,

Sweden, (2012)

15. Meier, H., Roy, R., and Seliger, G., Industrial Product-Service Systems - IPS2, CIRP Annals Manufactur-
ing Technology, 1–24, (2008)

16. Lindström, J., Plankina, D., Nilsson, K., Parida, V., Ylinenää, H., and Karlsson, L., Functional Prod-

ucts: Business Model Elements, Proceedings of 5th CIRP International Conference on Industrial Product-
Service Systems, (2013)

8 ICSV23, Athens (Greece), 10-14 July 2016



Paper B

Identification of Vibration Properties
of Wheel Loader Driveline Parts as a
base for Adequate Condition
Monitoring: Axle.

81





23I SVC
23rd International Congress on Sound & Vibration

10-14 July 2016Athens, Greece
 

IDENTIFICATION OF VIBRATION PROPERTIES OF HEAVY DUTY
MACHINE DRIVELINE PARTS AS A BASE FOR ADEQUATE
CONDITION MONITORING: AXLE
Källström Elisabeth
Department of Engineering Sciences and Mathematics, Luleå University of Technology, Luleå, Sweden and
Volvo Construction Equipment, SE-63185 Eskilstuna, Sweden
email: elisabeth.kallstrom@volvo.com

Lindström John
ProcessIT Innovations, Luleå University of Technology, 971 87 Luleå, Sweden

Håkansson Lars
Department of Applied Signal Processing, Blekinge Institute of Technology, 371 79 Karlskrona, Sweden

Karlberg Magnus
Department of Engineering Sciences and Mathematics, Luleå University of Technology, Luleå, Sweden

Renderstedt Reza and Larsson Jonas
Volvo Construction Equipment, SE-63185 Eskilstuna, Sweden

With increasing complexity in the heavy duty construction equipment, early fault detection of

certain components in the machine becomes more and more challenging due to too many fault

codes generated when a failure occurs. The axle is one such component. The axle transfers driv-

ing torque from the transmission to the wheels and axle failure may result in costly downtime of

construction equipment. To reduce service cost and to improve uptime, adequate condition moni-

toring based on sensor data from the axle is considered by for instance measuring vibrations on the

axle. Further, the analysis of the data collected has been has been carried out using adequate sig-

nal processing methods. The results indicate that the vibration properties of the axle are relevant

for early fault detection of the axle. Thus, the health of the axle may be continuously monitored

on-board using the vibration information and if the axle health starts to degrade a service and/or

repair may be scheduled well in advance of a potential axle failure and in that way the downtime

of a machine may be reduced and costly replacements and repairs avoided.

1. Introduction

In order to identify and implement adequate on-board methods for the monitoring the condition of

the front and rear axles of a heavy duty construction equipment with the purpose of improving uptime,

the vibration properties of the axles may be investigated. Furthermore, the construction equipment

business seeks for new ways to reduce downtime, costly replacements and repairs,caused by failure

of critical components and thus an axle failure may result in expensive replacement.

Both the front and the rear axle transmits driving torque from the transmission to the wheels which

in turn provides traction force to the construction equipment [1, 2]. Also, the axles act as a support

structure for the complete machine [2].
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In heavy duty construction equipment, the limited-slip differential axle is widely used because of

its ability to overcome the problem of drive wheel traction differences [3]. Furthermore, a limited-

slip differential axle consists of a drive ring gear, a drive pinion gear, a clutch pack, differential spider

gears, a differential side gear, a differential pinion gear, an axle shaft side gear, an axle shaft and a

pinion shaft [2].

A typical axle of a heavy duty construction equipment is shown in Fig. 1

Figure 1: Axle 3-D view.

Different contributions concerning monitoring of driving axle condition have been reported. Huibin

et al. [1] performed an experimental study concerning noise identification of the rear driving axle

using theories and methods for acoustic array measurements. They observed that the dominating

frequencies in the measured signal are related to the gear meshing vibration [1]. Shao et al. [4]

proposed a Radial and Basis Function (RBF) and Back Propagation (BP) neural networks as a fault

and diagnosis procedure for rear axle gear utilizing Root Mean Square (RMS) and Kurtosis features

of the measured vibration signals. Santacruz et al. [2] described test points optimization process

for real-time vibration and frequency monitoring system on a differential axle fixed rig using a field-

programmable gate array (FPGA), an online analysis data storage unit which locates the strongest fre-

quency components by computing frequency spectrum. In addition to the FPGA, an offline program

which calculates the RMS and variance of the vibration in time domain and computes an histogram

from the series with the strongest frequency component is also utilized [2]. They reached a conclu-

sion that the execution of the test under a controlled platform yielded acceptable performance with

the axle shaft having the most intense vibration based on the RMS value. However, they stated that

the methods needs to be further validated [2]. This paper concerns an initial investigation of the front

and rear axles vibration on a Wheel Loader based on Order Power Spectrum and Order Modulation

Power Spectrum. The purpose is to identify suitable methods for extracting features providing robust

and reliable information on the health state of the front and rear axles. Furthermore, the intention is

to implement an on-board system for early fault prediction utilizing the identified feature extraction

methods. The order analysis technique is selected because it provides information about the vibration

related to the changing rotational speed.
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2. Materials and Methods

2.1 Experimental Setup

A Volvo Construction Equipment L180H Wheel Loader was used in the experiments. The ma-

chine was warmed-up before the test cycles and the bucket was loaded with 8 tonnes of gravel. The

Volvo CE test track in Eskilstuna, Sweden, was used in the experiments as driving track, using one

driver and similar driving style in all measurements. The measured quantities used in the investigation

are the engine speed and vibration of the structure around the rear and the front axles pinions. The

experiment was controlled and an adequate number of recordings were made.

2.2 Measurement Equipment and Setup

The vibration signals were recorded using a LMS Scadas SCR05 Data Acquisition system, sam-

pling frequency 6400Hz, connected to two triaxial accelerometers attached around the structure

around the pinion of the rear and front axle as in Figures 2 and 3. The accelerometers were mounted

using instant adhesive- Loctite 454. The engine speed from the machine CAN-bus was logged syn-

chronously with the vibration data.

Figure 2: L180H Wheel Loader with accelerometer mounted on the structure around the pinion of the

rear axle.

2.3 Evaluation of the Axle Vibration

Drive-line vibration properties may be analyzed via order analysis technique, frequency domain

and time-frequency domain analysis etc [5, 8]. Order analysis technique, usually referred to as order-

tracking, is utilized in rotating machinery where the rotational speed changes over time. Basically,

Order analysis technique transforms a signals non-stationary components whose vibration frequencies

are related to the rotation speed in the time domain into stationary signal components in the angu-

lar domain and thus provides information about the vibration components related to the changing

rotational speed [6].

Order analysis is carried out by first, synchronously resampling the measured vibration with the

rotational speed of a reference shaft [5]. In other words, synchronous sampling adapts the sample rate

ICSV23, Athens (Greece), 10-14 July 2016 3
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Figure 3: L180H Wheel Loader with accelerometer mounted on the structure around the pinion of the

front axle.

of the vibration signal with the changing rotational speed, thus, ensuring sampling at an equal angle

increment with reference to the rotating shaft [6].

After synchronously resampling the vibration data to samples with equal angle increment referring

to the rotating reference shaft, the samples of the vibration data are said to be in the order or angle

domain [5]. The synchronously resampled signal may be further analyzed using different signal

processing techniques, but in this paper the Order Power Spectrum and the Order Modulation Power

Spectrum are considered. The Order Power Spectrum may be estimated directly using the Power

Spectrum of the synchronously resampled vibration signal. While, the Order Modulation Power

Spectrum is produced by first estimating the Hilbert Transform of the synchronously resampled signal

and subsequently producing the power spectrum of its so-called analytic signal [5, 7].

2.4 Hilbert Transform

The Hilbert Transform (HT) is a useful technique for determining the instantaneous amplitude and

instantaneous frequency of a signal [14]. HT is not a transform between domains in contrast to other

integral transforms like Fourier transform, wavelet transform, etc, rather, it produces a new signal in

the same domain as the original signal by assigning a complementary imaginary part to a given real

part, or vice versa, by shifting each components of a signal by a quarter of a period [5, 14]. The HT

of a real-valued time signal x(t) may be produced as [5, 14]:

x̂(t) = π−1
∫ ∞

−∞
x(τ)

t− τ
dτ = x(t)∗(πt)−1 (1)

HT corresponds physically to a special type of linear filter with all the amplitudes of the spectral

components left unchanged and the phases shifted by π
2

[14]. However, HT is mostly used in en-

velope calculation and in creating the so-called analytic signal [5]. Furthermore, the analytic signal

is a complex-valued signal z(t) whose real part is the original signal x(t) and its imaginary part is

provided by the HT of the signal x̂(t) as in [14, 15]:

z(t) = x(t) + ix̂(t) (2)

In addition, the demodulated signal is the absolute value of the complex-valued analytic signal z(t)
obtained via the HT [15].
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2.5 Power Spectrum

In estimating spectral properties of a signal, it is important to select an appropriate scaling of the

spectrum estimator [9, 12]. The spectrum estimates may be scaled for either the tonal components

of a signal -power spectrum estimates- or the random part of a signal -power spectral density (PSD)

estimates- [12].

The Power Spectrum (PS) of a periodic sampled signal x(n) is usually computed using the Welch’s

spectrum estimator [10]. The Welch spectrum estimate is obtained by averaging a number of peri-

odograms. Each periodogram is based on segments of a time sequence x(n), each segment consisting

of N samples [13]. Thus, the original time sequence of data must be divided into data segments [11]

The Welch’s power spectrum estimator is given by [11, 13]:

P̂ PS
xx (fk) =

1

LNUPS

L−1∑
l=0

∣∣∣∣∣
N−1∑
n=0

xl(n)w(n)e
−j2πnk/N

∣∣∣∣∣
2

, fk =
k

N
Fs (3)

where k = 0, ..., N/2, L is the number of periodograms, N is the length of the periodogram, l is

related to the overlapping increment (usually 0 − 50% of the periodogram length), Fs the sampling

frequency, w(n) is a suitable window and

UPS =
1

N
(
N−1∑
n=0

w(n))2 (4)

is the window-dependent magnitude normalisation factor.

Further, a one-sided PS contains the total power of the periodic components of a signal in the fre-

quency interval from direct current (DC) to half of the Nyquist rate whereas a two-sided PS contains

the total power of the periodic components in the frequency interval from -Nyquist rate to the Nyquist

rate.

3. Result and Analysis

The results of the research are presented below in terms of a Order Power Spectrum estimates

and a Order Modulation Power Spectrum estimates of the measured vibration signal of the rear and

front axles of the L180H Wheel Loader.The orders 9 and its harmonics corresponds to the order of

the pinion of the axle.

Figure 4: Order Power Spectrum of the rear axle vibration from the accelerometer mounted on the

x-direction.
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Figure 5: Order Modulation Spectrum of the rear axle vibration from the accelerometer mounted on

the x-direction.

The Order Power Spectrum of the rear axle vibration from the accelerometer mounted on the

x-direction as in Figure 4 shows that the order of the pinion may be observed around 9, and its

harmonics around 27, 45, 54, 81, 108. However, high peaks appear around order 86, 114, 143, 169

and 254. It is not clear whether these high vibration peaks at order 86, 114, 143, 169.8 and 254.5

corresponds to the pinion order at 90, 117, 144, 171 and 252. This needs to be further investigated.

The Order Modulation Power Spectrum of the rear axle vibration from the accelerometer mounted

Figure 6: Order Power Spectrum of the front axle vibration from the accelerometer mounted on the

z-direction.

on the x-direction as shown in Figure 5 indicates that that the order of the pinion may be observed

around order 9 and 18. Also, high vibration peaks are also noticed on order 28.75, 47.75, 83.75 and

168.5 which may correspond to the actual order of the pinion at 27, 45, 81, and 171. The Order

Power Spectrum of the front axle vibration from the accelerometer mounted on the z-direction as

in Figure 6 indicates a high vibration peaks around 84.75, 114.5 and 169.8 which may correspond

with the pinion order at 81, 117 and 171. Thus, this needs to be further investigated. Furthermore,

the Order Modulation Power Spectrum of the front axle vibration from the accelerometer mounted

on the z-direction as shown in Figure 7 shows orders around 9. Noticeable peaks are also seen on

29.75, 84.75, 169.8 which may correspond to the pinion order around 27, 81 and 171 of the pinion

6 ICSV23, Athens (Greece), 10-14 July 2016
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Figure 7: Order Modulation Spectrum of the front axle vibration from the accelerometer mounted on

the z-direction.

harmonics.

To summarize, both the Order Power Spectrum and the Order Modulation Spectrum provides

information concerning the vibration orders e.g. originating from the pinion of the rear and front

axles - likely to provide indications concerning potentially abnormal vibrations and a need to take

proactive measures in order to avoid severe failures.

4. Discussions

The paper has presented two methods for analyzing the vibration properties of the rear and front

axles of the L180H Wheel Loader. Order Power Spectrum and Order Modulation Power Spectrum

estimates of the vibration measured around the pinion of the rear and front axles provide information

on the health status of the axle’s internal components. In addition, orders related to the pinion of the

axle may be identified using the Order Power Spectrum and the Order Modulation Power Spectrum

estimates. Monitoring these vibration features on-board may enable to prevent failures of the axle.

Thus, in this way, uptime can be improved, costly downtime, replacements and repairs minimized.

Monitoring the axle vibration in future machines via on-board vibration sensors may enable early

fault prediction of the axle. In addition, the oil around the axle carries information about the health

of the axle. Thus, adequately monitoring the oil via on-board oil quality sensors may also provide

information about the health of the axle. Consequently, gradual degradation may be spotted early

before a major failure occurs if also monitoring the oil quality in combination with the health of the

axle.

Finally, money and time can be saved for the customer and the providers of heavy duty construc-

tion equipment increasing customer satisfaction. Further, the ability to monitor critical components

(and the oil) on-board provides an enabler for utilizing availability-based business models such as

Industrial Product-Service Systems or Functional Products [16, 17].
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In order to reduce costly downtime, adequate condition monitoring of the automatic transmission
components in heavy duty construction equipment is necessary. The transmission in such
equipment enables to change the gear ratio automatically. Further, the bearings in an automatic
transmission provide low friction support to its rotating parts and act as an interface separating
stationary from rotating components. Wear or other bearing faults may lead to an increase in
energy consumption as well as failure of other related components in the automatic transmission,
and thus costly downtime. In this study, different sensor data (particularly vibration) was
collected on the automatic transmission during controlled test cycles in an automatic transmission
test rig to enable adequate condition monitoring. An analysis of the measured vibration data was
carried out using signal processing methods. The results indicate that predictive maintenance
information related to the automatic transmission bearings may be extracted from vibrations
measured on an automatic transmission. This information may be used for early fault detection,
thus improving uptime and availability of heavy duty construction equipment.

Keywords: Automatic Transmission, Adaptive Line Enhancer (ALE), Bearings, Order Power
Spectrum, Order Modulation Spectrum, Recursive-Least-Squares (RLS) and Vibration.

1. Introduction

The heavy duty construction equipment industry seeks to continuously upgrade its offers by im-
proving availability which increases customer satisfaction and reduces warranty cost for the provider.
In particular, sufficient monitoring of bearings located in driveline parts is an important way of re-
ducing downtime and improving uptime in heavy duty construction equipment since most major
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breakdowns of driveline parts are a result of bearing faults [1]. Early fault detection, monitoring
and predictive maintenance are all important aspects in emerging business models based on contract
parameters such as result, performance or availability. The bearings in an automatic transmission
provide low friction support to its rotating parts and provides an interface separating stationary from
rotating components. In addition, different bearings are designed to support certain types of load
depending on the direction in which the force is applied. Furthermore, wear or other bearing faults
may lead to an increase in energy consumption as well as failure of other related components in the
automatic transmission.

There are different types of bearings available and they are classified based on the type of load
and type of contact. Usually, antifriction bearings, also known as rolling contact bearings, are used in
automatic transmissions [2]. Further, a rolling contact bearing consists of four major parts: the rolling
element (which is made of hardened steel), an inner race, an outer race and a retainer (separator or
cage) [1]. A typical roller bearing is illustrated in Figure 1. In this study, torque converter bearings
are considered.

Figure 1: A Roller Bearing 3-D view.

Different techniques concerning the condition monitoring of bearings have been reported. Im-
movili et al. [3] compared the capability of using electric current and vibration signals for bearing
fault detection in induction machines. They concluded that vibration signals are a robust indicator for
detecting faults in a bearing provided a suitable signal analysis method is utilized [3]. Abdusslam
et al.[4] via a simple bearing test rig analyzed vibration data for bearing fault detection using Fast
Fourier Transform (FFT) of the signal and an envelop analysis of the signal. Further, the bearing
test rig comprises of a 3-phase electrical induction motor, a dynamic break, four shafts connected by
three flexible couplings, two bearing housings and an amplifier [4]. They concluded that the envelope
analysis was more reliable in revealing the faults [4]. Randall et al. [1] stated that bearing frequency
components are cyclostationary due to random slip which is dependent on the ratio of the axial load
to the radial load. After a review of different techniques, Randall et al. [1] recommended the envelope
spectrum for bearing fault detection. Brkovic et al. [2] utilized the wavelet transform for ball bearing
feature extraction. They carried out this study using a simple experiment setup which involves in-
stalling a ball bearing in a motor driven mechanical system [2]. The setup comprises of a three-phase
induction motor connected to a dynamometer and a torque sensor, and an accelerometer attached to
the motor housing [2].

To sum-up, although a lot of research has been carried out for bearings in most parts of rotating
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machinery, the torque converter bearings seem to have been ignored. In this paper the torque converter
bearings are considered with the purpose to prevent torque converter failure as a result of bearing
faults. Furthermore, the objective is to increase availability and improve uptime. The Adaptive Line
Enhancer (ALE), Order Power Spectrum and Order Modulation Spectrum are techniques utilized in
this study.

2. Materials and Methods

2.1 Experimental Setup

A Volvo Construction Equipment L90H automatic transmission test rig was used in the experi-
ments. The oil temperature in the transmission was steady at 820C when the test was running.

The measured quantities used in the investigation are the engine speed and the vibration of the
structure around the torque converter. The experiment was controlled and an adequate number of
recordings were made.

2.2 Measurement Equipment and Setup

The vibration signals were recorded using a SOMAT eDAQ Data Acquisition system, sampling
frequency 5000 Hz, connected to a triaxial accelerometer attached on the top side of the torque con-
verter housing close to the torque converter shaft. In order to adequately measure vibrations of the
torque converter, the triaxial accelerometer was mounted as close as possible to the torque converter
as in Figure 2. The accelerometer was mounted using instant adhesive Loctite 454. The engine speed
from the machine CAN-bus was logged synchronously with the vibration data.

Figure 2: L90H Transmission Test Rig with accelerometer mounted on the top side of torque converter
housing.

2.3 Vibration Analysis of the Torque Converter’s Bearing

The frequencies of the inner and outer race, the cage frequency and the ball/roller spin frequency
reveal defects in the respective parts of a bearing and they are produced as [1, 5].
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where finner is the inner race frequency, fouter is the outer race frequency, fcage is the cage fre-
quency, fspin is the ball/roller spin frequency n is the number of balls/roller, fsh is the shaft speed,
Dball is the ball/roller diameter, Dpitch is the pitch circle diameter and φ is the contact angle.

In rotating machinery, since the rotational speed is changing over time, order analysis technique is
suitable [6]. Furthermore, order analysis technique transforms a signals non-stationary components
whose vibration frequencies are related to the rotation speed in the time domain into stationary signal
components in the angular domain and thus provides information about the vibration components re-
lated to the changing rotational speed [7, 8]. In order analysis, the vibration data is first synchronously
resampled with the rotational speed of a reference shaft ensuring sampling at an equal angle increment
with reference to the rotating shaft [6, 8, 9]. The signal is said to be in the order or angle domain
after resampling and may be further analyzed using relevant signal processing techniques suitable
for the component of interest. It is important to note that bearings in an actual transmission exhibits
stochastic behavior with low frequencies [1, 10]. The measured vibration data is a combination of
the deterministic signal (gears, turbine, impeller, stator etc) and the stochastic signal [13].The deter-
ministic part of the signal tends to mask the bearing signal, hence the need to separate the stochastic
part from the deterministic part after the vibration signal has been synchronously resampled to the
order domain [6, 13]. An Adaptive Line Enhancer (ALE) steered with a Recursive-Least-Squares
(RLS) adaptive algorithm was utilized to make this separation before further signal analysis is per-
formed [11, 12]. For adequate signal separation the time delay, filter order and the convergence must
be carefully selected [11, 12]. The delay of the ALE should be longer than the correlation length of
the random part of the signal [11, 12, 14].

In this paper, further signal analysis of the separated signal is performed using the Order Power
Spectrum and the Order Modulation Spectrum [6, 7, 15].

2.4 Hilbert Transform

The Hilbert Transform (HT) is a useful technique for determining the instantaneous amplitude and
instantaneous frequency of a signal [16]. HT is not a transform between domains in contrast to other
integral transforms like Fourier transform, wavelet transform, etc, rather, it produces a new signal in
the same domain as the original signal by assigning a complementary imaginary part to a given real
part, or vice versa, by shifting each components of a signal by a quarter of a period [6, 16]. The HT
of a real-valued time signal x(t) may be produced as [6, 16]:

x̂(t) = π−1
∫ ∞

−∞
x(τ)

t− τ
dτ = x(t)∗(πt)−1 (5)

HT corresponds physically to a special type of linear filter with all the amplitudes of the spectral
components left unchanged and the phases shifted by π

2
[16]. However, HT is mostly used in en-

velope calculation and in creating the so-called analytic signal [6]. Furthermore, the analytic signal
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is a complex-valued signal z(t) whose real part is the original signal x(t) and its imaginary part is
provided by the HT of the signal x̂(t) as in [16, 17]:

z(t) = x(t) + ix̂(t) (6)

In addition, the demodulated signal is the absolute value of the complex-valued analytic signal z(t)
obtained via the HT [17].

2.5 Power Spectrum

In estimating spectral properties of a signal, it is important to select an appropriate scaling of the
spectrum estimator [18, 19]. The spectrum estimates may be scaled for either the tonal components
of a signal -power spectrum estimates- or the random part of a signal -power spectral density (PSD)
estimates- [19].
The Power Spectrum (PS) of a periodic sampled signal x(n) is usually computed using the Welch’s
spectrum estimator [20]. The Welch spectrum estimate is obtained by averaging a number of peri-
odograms. Each periodogram is based on segments of a time sequence x(n), each segment consisting
of N samples [21].

Thus, the original time sequence of data must be divided into data segments [22] The Welch’s
power spectrum estimator is given by [21, 22]:

P̂ PS
xx (fk) =

1

LNUPS

L−1∑
l=0

∣∣∣∣∣
N−1∑
n=0

xl(n)w(n)e
−j2πnk/N

∣∣∣∣∣
2

, fk =
k

N
Fs (7)

where k = 0, ..., N/2, L is the number of periodograms, N is the length of the periodogram, l is
related to the overlapping increment (usually 0 − 50% of the periodogram length), Fs the sampling
frequency, w(n) is a suitable window and

UPS =
1

N
(
N−1∑
n=0

w(n))2 (8)

is the window-dependent magnitude normalisation factor.
Further, a one-sided PS contains the total power of the periodic components of a signal in the

frequency interval from direct current (DC) to Fs/2, where Fs is the sampling frequency, whereas a
two-sided PS contains the total power of the periodic components in the frequency interval [−Fs/2 :
Fs/2].

3. Result and Analysis

The results of the research are outlined below as ALE, Order Power Spectrum estimation and
a Order Modulated Power Spectrum estimation of the measured vibration signal around the torque
converter of the L90H automatic transmission test rig. Some of the orders of the bearings of the
torque converter and their harmonics are identified.

The orders of the bearings and their harmonics are; the ball bearing 6.5, 8.4, 0.4, 4.1, the roller
bearing; 16.9, 19.1, 0.47, 7.9, the cylindrical roller bearing 12.9, 15.1, 0.46, 6.5, the needle bearing
19.2, 20.8, 0.48, 12.6 and the cylindrical roller bearing 7.2, 9.8, 0.4, 3.2. The Order Power Spectrum
of the torque converter stochastic vibration from the accelerometer mounted on the x-direction as in
Figure 3a shows a deep at order 180 which correspond to the peak on the deterministic vibration as
in Figure 3b, order 180 represents the harmonic of a gear with 45 teeth directly connected to the
torque converter shaft into the gearbox. The orders of the bearings and their harmonics are visible on
the stochastic signal Order Power Spectrum. The Order Modulation Power Spectrum of the torque
converter stochastic vibration from the accelerometer mounted on the x-direction as in Figure 4b also
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a) b)

Figure 3: a) Order Power Spectrum of the Stochastic Signal. and b) Order Power Spectrum of the
Deterministic Signal.

a) b)

Figure 4: a) Order Modulation Spectrum of the Stochastic Signal. and b) Order Modulation Spectrum
of the Deterministic Signal.
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reveals the the bearing orders. Thus, the results above indicates that the stochastic part of the vibration
which is related to the torque converter bearings may be separated from the deterministic part using
ALE and the internal features of the bearing may be identified with Order Power Spectrum and Order
Modulation Spectrum.

4. Discussions

The paper has presented two methods for analyzing the vibration properties of the torque con-
verter bearings of the L90H automatic transmission. The measured vibration signal was re-sampled
to the angle domain and subsequently an ALE was used for the separation of the stochastic part and
the deterministic part of the angle domain vibration signal. Order Power Spectrum and Order Modu-
lation Power Spectrum estimates of the separated stochastic part of the angle domain vibration signal
provide information on the health status of the torque converter bearings.

Monitoring such vibration features on-board may enable to prevent failures of the torque con-
verter. Thus, in this way, uptime can be improved and costly downtime, replacements and repairs
can be minimized. The results of this paper are necessary for emerging business models and offers
which will be hard to duplicate for competitors. Examples of such emerging business models, which
may have contract parameters based on an agreed-upon level of result, performance and availability,
are Industrial Product-Service Systems [23] and Functional Products [24]. This is required as the
global competition on the construction equipment market forces the providers to add more value than
products and services do. In addition, the emerging business models offer additional value to the
customers by transfer of responsibility and risks to the provider. Thus, the provider needs to be com-
pensated for that in order to achieve a long-term sustainable win-win situation between the customer
and the provider sides.
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Heavy duty construction equipment is generally equipped with automatic transmission enabling
to change gear ratio automatically. The clutches in an automatic transmission transfer torque
from the engine to the gearbox and clutch failures may result in costly downtime of construction
equipment. To prevent costly downtime of construction equipment, condition monitoring in com-
bination with condition based maintenance may be utilized. Different sensor data are collected
on a machine that enables condition monitoring. Vibration have been measured on an automatic
transmission in a construction equipment machine during controlled driving sessions, with and
without clutch slippage, on a test track. An initial investigation of the vibration measured on the
automatic transmission have been carried out with the purpose to find out if the vibration may
contain reliable information related to clutch slippage considered to be abnormal. Initial signal
analysis of the data have been carried out using Spectrogram and Spectral Kurtosis methods. The
results indicate that information related to abnormal clutch slippage may be extracted from vibra-
tion measured on an automatic transmission in a construction equipment machine.

1. Introduction

Ways of improving up-time and reducing down-time are paramount in the construction equipment
business. Automatic transmission clutch failure results in costly downtime, which also increases
service cost and may also increase warranty costs. Multiple disc wet clutches are considered to be
the backbone of Automatic Transmissions. The function of the clutch is to enable the disconnection
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of a driving shaft and a driven shaft during gear shifts, and to connect and transfer of torque between
the shafts when being in gear. [1, 2]. Furthermore, multiple disc wet clutches allows slipping, which
means that the shafts can be connected while there is a large difference between the rotation speed of
the two shafts [2].

A typical multiple disc wet clutch pack and its components is illustrated in Fig. 1. The clutch
plates are arranged in such a way that one of the discs type is driven by the hub and the other by the
drum [5]. The drum and hub are driven by a joint that allows axial movement such as splines and
lugs [5]. The multiple disc wet clutch is equipped with an electro-mechanical hydraulic actuator,
comprising of e.g piston, returning spring, a control valve, oil pump etc, which enables the engaging
and disengaging of gear.

Figure 1: Multiple Disc Wet Clutch pack 3-D view

Multiple disc wet clutch pack are designed to slip for a defined period of time (slip time) so
that too much heat is not generated at the clutch plates interfaces burning the clutch material due to
excessive friction [8]. Clutch failure occurs when the the clutch can no longer transmit the desired
torque. Hence, clutch slippage is a result of diminishing frictional characteristics of the clutch system
[10].

Clutch degradation is often accompanied by drive-line vibration [12, 8, 9]. Friction induced
vibration, also referred to as "Judder", is influenced by the coefficient of friction of the clutch system
[12]. Yuzuru et al [4] investigated the presence of torsional vibration during clutch engagement
in an experiment where he used paper-based friction material and connected two accelerometers,
one around the clutch pack and the other on the bottom end of the input shaft, he observed that
torsional vibration of the input shaft occurred during engagement. Agusmian et al [11] utilizing
modal parameters developed a monitoring method aimed at monitoring the change in post lock-up
dynamic behavior of the drive-line due to wet clutch induced vibration. Berglund et al [8] observed
that the degradation of wet clutches is often associated with the presence of drive-line vibration, he
also showed that the frictional characteristics of an ageing clutch may induce drive-line vibrations [8].
Fatima et al [9] clearly pointed out that the torsional vibration of wet clutches occurs when the static
coefficient of friction is greater than the dynamic coefficient of friction thus leading to a reduction in
the coefficient of friction, she went on to investigate the influence of output shaft stiffness and inertia,
on wet clutch vibration. She observed that vibration was higher for a clutch with low stiffness and
low inertia of the output shaft, which results in a loss in the coefficient of friction in the wet clutch
[9]. Centea et al [12] showed that the level of torsional vibration (judder) depends on the coefficient
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of friction characteristics of the friction material lining of the clutch system. He also stated that
selecting a friction material with good friction characteristics is one way of reducing vibration in the
clutch system [12].

To sum-up, drive-line/torsional vibration has been observed both during clutch engagement and
clutch degradation but the vibration signals has not been utilized for the detection of clutch slippage
with the aim to provide an indication of the health of the wet clutch system. This paper concerns
an initial investigation with the purpose to find out if drive-line vibration may contain information
related to clutch slippage. It is based on recorded accelerometer data measured on the transmission
of a Volvo L90F Wheel Loader. Further, the purpose of the paper is to extend the current methods to
detect clutch slippage based on vibration features.

2. Materials and Methods

2.1 Experimental Setup

The Volvo Construction Equipment L90F Wheel Loader was used in the experiments. To induced
clutch slippage the Wheel Loader was slightly modified by installing two manual needle valves on
the pressure outlet of clutch 1 and 2 as in Fig. 2. The clutch 1 and 2 were considered based on
reported cases of clutch failure [13]. The manual needle valves can be fully opened and fully closed,
when both valves are fully opened oil leakage is simulated in both clutches. A steep hill was used in
the experiments as driving track, with one driver and similar driving style in all measurements. The
measured parameters used in the investigation are the clutch pressures, the clutch vibration, gear shift
from 1 to 2 and 2 to 1. The experiment was controlled and an adequate number of recordings were
made.

2.2 Measurement Equipment and Setup

The vibration signals were recorded using a SQuadriga 1369 Data Acquisition system, sampling
frequency 6kHz, connected to a triaxial accelerometer attached on the automatic transmission. The
triaxial accelerometer was mounted as close as possible to the clutch 1 and 2 to measure vibration as
in Fig. 3. The accelerometer was mounted using instant adhesive- Loctite 454. The clutch Pressures
and the gear signals were recorded using two CAN-buses, the IPETronic CAN-bus and the Machine
ECU CAN-bus. The clutch pressures were logged using a IPETronic M-SENS 8, and signals which
gave an indication of a gear shift such as engaged gear were logged using the ECU CAN-bus. The
data from these two CAN-buses were broadcast to a third bus and displayed using the CANalyzer
VN1630.

2.3 Evaluation of the Gear Box Vibration

The properties of drive-line vibration may be investigated by applying frequency domain, time-
frequency domain analysis, etc. Frequency domain analysis of a signal can be carried out directly with
the aid of the Fast Fourier Transform or generally more reliable and robust via Power Spectrum/ Power
Spectral Density estimates, depending on the underlying properties of the signals. While, the time-
frequency domain analysis involves signal processing methods that provide information about the
time and frequency domain at the same time. Furthermore, the time-frequency domain analysis may
be estimated directly via the Short Time Fourier Transform (STFT) or its squared magnitude regarded
as Spectrogram, Spectral Kurtosis, (which is based on STFT), wavelet transform etc. [15, 14].The
time-frequency domain analysis is often preferred when analyzing non-stationary signals to extract
information regarding a signals frequency content as a function of time. Physical quantities, such as
vibration, may have non-stationary stochastic behavior, this makes their spectral properties change
over time [15].
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Figure 2: Manual needle valves installed on the pressure outlets of the Transmission of the L90F
Wheel Loader

2.4 Spectral Properties

2.4.1 Spectrogram

The Spectrogram is a time-frequency signal processing technique which provide information
about a signal in both the time and the frequency domain at the same time [15].The Spectrogram
is based on the squared magnitude of the Short Time Fourier Transform (STFT). The STFT is a win-
dowed Fourier Transform whose window has fixed length [15]. The discrete time STFT of a sampled
signal x(n) may be produced as [15]:

X(k, lD) =
M−1∑
n=0

x(n)w(n− lD)e−j2π k
N
(n−lD)(1)

where k = 0, ..., N/2, w(n) is a suitable window with length N , lD is the starting point for each
periodogram , D is the overlapping increment and D < N , M is the length of the time series. The
Spectrogram may be produced according to:

Spectrogram(k, lD) =
1

Fs
∑N−1

n=0 (w(n))
2

〈
|X(k, lD)|2

〉
t

(2)

Where 〈·〉t is the time averaging operator and Fs is the sampling frequency.

2.4.2 Spectral Kurtosis

The Spectral Kurtosis (SK) is a higher order statistical tool which can handle non-Gaussian com-
ponents of a signal showing their location in the frequency domain [18]. SK is a powerful tool
to use for detecting transients in a signal and thus complements the PSD which may remove non-
stationarities in a signal [18]. Furthermore, SK is suitable for analyzing signals corrupted with Gaus-
sian noise since higher-order statistics are blind to Gaussian measurement noise [20, 18]. The SK
may be estimated with the aid of the STFT according to [18]:

ŜKX(k, lD) =
〈|X(k, lD)|4〉t
〈|X(k, lD)|2〉2t

− 2(3)
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Figure 3: L90F Wheel Loader with Accelerometer attached on the Automatic Transmission.

where X(k, lD) is the short time Fourier transform of the signal x(n), |X(k, lD)|4 is the fourth
power of the magnitude of signals short time Fourier transform and |X(k, lD)|2 is the second power
of the magnitude of signals short time Fourier transform. Care should be taken when choosing over-
lapping increment D with concern to aliasing and when choosing window length N ; basically the
window length N should be longer than the signals correlation length providing sufficient spectral
resolution and sufficiently short to resolve temporal variation in its spectral properties [18]. Further-
more, with increasing window length the STFT approaches Gaussianity according to central limit
theorem and thus the spectral kurtosis will approach zero [18].

3. Result and Analysis

The results of the research are outlined below as a Spectrogram estimation and a Spectral Kurtosis
estimation of measured vibration data with clutch slippage and without clutch slippage. In Fig. 4 a)
spectral kurtosis for gearbox acceleration for clutch slip is shown in a 3-D plot and in Fig. 4 b) a
spectrogram for the corresponding gearbox acceleration is shown. For the case with no clutch slippage
Spectral Kurtosis for gearbox acceleration is shown in a 3-D plot in Fig. 5 a) and a Spectrogram for the
corresponding gearbox acceleration is shown in Fig. 5 b). From the figures, the time and frequency
domain axes provides an indication on how the clutch frequencies vary over time during a gear shift.
Furthermore, the results also shows that clutch slippage vibrations exhibits non-stationary stochastic
behavior.

By comparing the Spectrogram results for the case of clutch slippage and the case of no clutch
slippage, a more broadband spectrum can be observed when there is no clutch slippage as compared
to when there is clutch slippage. Also, with no clutch slippage two ridges in the spectrogram are more
pronounced as compared to the case of clutch slippage. Also, around 0.01 seconds the frequency
peaks at about 1688Hz is higher when there is clutch slippage unlike when there is none. further, at
about 0.58 seconds on the Spectrogram, the frequency peak at about 1875Hz is higher when there is
no clutch slippage.

The Spectral Kurtosis for the case with clutch slippage and no clutch slippage also shows a vari-
ation; high peak around 2625Hz for no clutch slippage case and no peak at around 2625Hz for the
clutch slippage case. Also, about 0.7 second to 1 seconds, the Spectral Kurtosis peaks around 750Hz
and 1500Hz frequency range seems to be more pronounced and thus higher for the clutch slippage
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case compared to the case of no clutch slippage.

a) b)

Figure 4: a) Spectral Kurtosis of gearbox acceleration, with clutch slippage and b) Spectrogram of
gearbox acceleration, with clutch slippage.

a) b)

Figure 5: a) Spectral Kurtosis of gearbox acceleration, without clutch slippage and b) Spectrogram of
gearbox acceleration, without clutch slippage.

4. Discussions

An initial investigation concerning clutch slippage detection using driveline vibration have been
carried out. The above results demonstrates that automatic transmission vibration in an actual heavy
duty construction equipment may contain information related to degrading clutch slippage. Spectro-
gram and Spectral Kurtosis estimates of automatic transmission vibration seems to provide features
related to degrading clutch slippage. The results also indicates that automatic transmission vibration
during clutch slippage exhibits non-stationary behavior. Furthermore, the measured vibration origi-
nates from the off-going and on-going clutches during a gear shift. In addition, the implication from
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the results shows that time-frequency domain analysis using the Spectrogram and the Spectral Kur-
tosis reveals the frequency components over time during a gear shift in a vibration signal corrupted
with noise. This indicates that it is possible to detect wet clutch failure via vibrations.

In future machines, it might be of importance to monitor the driveline vibration on-board via
vibration sensors, complementing other on-board monitoring sensors in early fault detection of the
clutch systems and other component parts. Practically, early fault prediction may save both money
and time for the customer as potential problems are detected well in advance before a clutch failure
occur, gearbox failure occur , etc.

An industrial application of the vibration analysis is that it together with other methods to monitor
and analyze key components, which have high impact on the level of availability, enable further
advanced business models than products and services. This is crucial as the global competition force
providers of for instance construction equipment or production equipment to provide additional value
than products and services do. If the level of availability and key components can be monitored,
in order to enable predictive and proactive maintenance, further advanced business models such as
Product-Service Systems [21] and Functional Products [22] can be offered. These business models
can potentially offer more value to the customers by e.g., transfer of responsibility and risks to the
provider. However, the provider needs to be compensated for that to reach a sustainable and long-term
win-win situation between the customer and the provider sides.
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Abstract A stream validation system called SVALI is developed in order to continuously
validate correct behavior of industrial equipment. A functional data model allows the user
to define meta-data, analyses, and queries about the monitored equipment in terms of types
and functions. Two different approaches to validate that sensor readings in a data stream
indicate correct equipment behavior are supported: with the model-and-validate approach
anomalies are detected based on a physical model, while with learn-and-validate anomalies
are detected by comparing streaming data with a model of normal behavior learnt dur-
ing a training period. Both models are expressed on a high level using the functional data
model and query language. The experiments show that parallel stream processing enables
SVALI to scale very well with respect to system throughput and response time. The paper is
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based on a real world application for wheel loader slippage detection at Volvo Construction
Equipment implemented in SVALI.

Keywords Data stream management · Distributed stream systems · Data stream
validation · Parallelization · Anomaly detection

1 Introduction

Traditional database management systems (DBMSs) store data records persistently and
enables execution of queries over the current state of the database on demand. This fits
well for business applications such as bank and accounting systems. However, in the last
decades, more and more data is generated in real-time, e.g. data from stock markets, real-
time traffic control, human internet interactions, sensors installed on machines, etc. Such
data continuously generated in real-time is called data streams. The rate at which data
streams are produced is often very high e.g. megabytes per second, which makes it infeasi-
ble to first store streaming data on disk and then query it. Furthermore, business decisions
and production systems rely on short response times so the delay caused by first storing the
data in a database before querying and analyzing it may be infeasible. For example, mon-
itoring the healthiness of different components in industrial equipment requires the system
to return the result within seconds. Data stream management systems (DSMSs), such as
AURORA (Abadi et al. 2003), STREAM (Motwani et al. 2002), and SCSQ (Zeitler and
Risch 2011), are designed to deal with this kind of applications. Instead of ad-hoc queries
over static tables, queries over streams are continuous queries (CQs) since they are running
until they are explicitly terminated and will produce a result stream as long as they are
active.

In order to deliver quality services for industrial equipment it should be continuously
monitored to detect and predict failures. As the complexity of the equipment increases, more
and more research is conducted to automatically and remotely detect the abnormal behavior
of machines (Namburu et al. 2006). Volvo Construction Equipment (Volvo CE) has installed
a component called automatic transmission clutches to monitor the health of the clutch
material of their L90F wheel loaders. Various sensors measuring different signal variables
are installed on the L90F machines and data from the sensors are delivered following the
CANBUS protocol (Canbus, http://en.wikipedia.org/wiki/CAN bus), which is an industry
standard protocol to communicate with the data buses in engines and other machines. Sta-
tistical computations over the data are required in real-time to detect and predict anomalies
so that corresponding actions can be taken to reduce the cost of maintenance. Furthermore,
when the number of wheel loaders increases it is also important that the processing scales.

The Stream VALIdator (SVALI) system is a DSMS to efficiently validate anomalies of
measurements in data streams using CQs, e.g. to monitor correct behavior of equipment
such as Volvo CE wheel loaders. Such validation will involve defining as CQs more or
less complex mathematical models that identify and predict non-expected behaviors based
on streams of measurements from sensors installed in the equipment. The CQs are natu-
ral to express as formulas involving functions and variables over numerical entities such as
numbers and vectors, i.e. domain calculus, rather than the traditional tuple calculus based
relational database model where variables range over rows in tables. To facilitate complex
mathematical models over sensored numerical measurements, SVALI provides a functional
data model where CQs can be expressed as functions over sets, numbers, vectors, and
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streams. Variables in SVALI queries can be bound to objects from any domain, i.e. SVALI
queries are based on an object-oriented and functional domain calculus. SVALI provides
a library of built-in numerical vector and aggregate functions to build the models. To uti-
lize existing numerical libraries, SVALI is extensible by calling in queries foreign functions
written in regular programming languages such as C, Java, or Python.

Analyzing data streaming from sensors on industrial equipment requires low level inter-
faces capturing streaming measurements. In SVALI such interfaces can be defined as
foreign functions called data stream wrappers, which iteratively emit data stream elements
into the system. For example, the data stream wrapper for the sensors installed in the
Volvo CE wheel loaders is implemented as a C function that iteratively emits tuples of
measurements received from the equipment based on the CANBUS protocol.

The contributions of the paper are:

1. It is shown how a functional data model can be used for defining meta-data about
industrial equipment of different kinds. Numerical models are defined as functions that
determine expected measured values computed from streaming data, based on statistics
about the behavior of the monitored equipment. Validation models defined in terms of
functional meta-data identify deviations from expected behavior.

2. The monitored equipment is often geographically distributed. For example, Volvo CE’s
wheel loaders are operating at remote excavations sites in different parts of the world.
Therefore SVALI is a distributed DSMS where many SVALI peers communicating
over TCP/IP can be started up at different sites. Each peer produces reduced streams of
non-expected measurements, which are continuously emitted to a central SVALI server
where anomalies from many sites are collected, combined, and analyzed.

3. To provide security it is required that the SVALI server at the monitoring center is pro-
tected behind a firewall and that all monitored equipment is protected behind firewalls.
Therefore the software on-board the equipment connects to a SVALI server as a client
to register its data stream source. After the registration the on-board software starts
emitting stream elements to the server.

4. It is important that the system scales with the number of monitored machines and sites
while validation in real-time can be performed with low delays. To investigate the scala-
bility of the system, many instances of SVALI were run on a multi-core computer where
the number of received streams (i.e. number of monitored machines), their stream rates,
and the number of CQs were scaled.

The paper is organized as follows: Section 2 gives the motivating application scenario
from Volvo CE followed by a detailed description of the SVALI system in Section 3. In
Section 4 the anomaly detection algorithm used by Volvo CE is described followed by the
corresponding SVALI implementation. Section 5 evaluates the scalability of the SVALI sys-
tem. Section 6 presents related work and, finally, conclusions and future work are discussed
in Section 7.

2 Application scenario

In the construction equipment business breakdown of component parts may result in
unnecessary stops in machines, leading to customer dissatisfaction. To avoid unnecessary
stops and breakdowns, methods to continuously monitor the equipment components, thus
enabling proactive measures, predictive maintenance, or graceful degradations, are crucial
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to the business. The automatic transmission clutches of the heavy duty equipment is a com-
ponent whose failure may be costly, hence, an on-board condition monitoring of the clutches
based on real time sensor data is desirable.

In automatic transmission, multiple wet clutches are used as in Fig. 1. It consists of steel-
core friction discs, separator discs, two shafts, a piston, and automatic trans-mission fluid
(ATF), usually referred to as the lubricant (Mäki 2003a). The ATF is the main difference
between a dry clutch and a wet clutch. The multiple wet clutch pack is integrated with an
electro-mechanical hydraulic actuator, which controls the engagement and disengagement
process (Ompusunggu et al. 2013). The components of the electro-mechanical hydraulic
actuator include a piston, a returning spring, a control valve, and an oil pump (Ompusunggu
et al. 2013).

The L90F Wheel Loader was slightly modified to replicate clutch slippage by installing
manual needle valves on the pressure outlet for clutch one and two. The driving was carried
out on a steep uphill with one driver and with similar driving style. The monitored CANBUS
data are differential speed 1, differential speed 2, output speed, turbine torque, turbine speed,
and the gearshift parameters.

3 SVALI - Stream VALIdator

Figure 2 illustrates the architecture of the Stream VALIdator (SVALI) system.
In the figure data streams from different data sources are emitted to a SVALI monitoring

server. The monitoring server processes queries that transform, combine, and analyze data
from many different distributed data sources. Application programs access the monitoring
server to perform various analyses.

Each SVALI system manages its own main-memory SVALI database that contains an
ontology and local data. At each data source a site SVALI is running that manages data
local to the source. The SVALI database in the monitoring server contains a global ontology
describing meta-data about all kinds of monitored equipment, while the SVALI database at
each site contains a local ontology describing the particular monitored equipment.

One kind of data source is data streams from wheel loaders, which are streamed to the
monitoring server through a SVALI peer via a CANBUS interface. This kind of data source
producing online streams is called a streaming data source. A SVALI peer encapsulates a
streaming data source and a local ontology over which CQs are executed.

Another important kind of data source is CSV files containing logged data streams from
monitored equipment. Data streams logged in CSV files can be played-back by SVALI and
also streamed to the monitoring server.

Fig. 1 A multiple wet clutch pack
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Fig. 2 The SVALI architecture

The ontologies are organized in three levels, as illustrated by Fig. 2. The equipment
model is a common meta-data model that describes general properties common to all kinds
of equipment, e.g. meta-data about sensor models and wheel loaders. The data source model
maps raw data from a particular kind of data source to the common meta-data model. The
validation model identifies anomalies in each kind of monitored equipment in terms of the
data source and common meta-data models.

For example, the data source model of wheel loaders, the wheel loader model, maps
data from raw data streams and log files into the common meta-data model. The validation
model of wheel loaders includes a statistical model that identifies clutch slippages based on
streams from sensors monitored through a CANBUS interface.

To handle computations in CQs that cannot be expressed as built-in functions, the SVALI
engine provides an algorithm plug-in mechanism. The plug-ins can be used to implement
specific algorithms, like indexing, computations, matching, optimization, and classification
functions in Java, Python, or C.

The applications are other systems accessing the monitoring server by sending CQs to it
through the SVALI external API. An application can be, e.g., a visualizer that graphically
displays data streams derived from malfunctioning equipment to indicate what is wrong,
a query formulator (Bauleo et al. 2014) with which CQs are constructed graphically, or a
stream logger that saves derived streams on disk.
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3.1 The functional data model of SVALI

SVALI is built on top of the functional database management system AMOS (Katchaounov
et al. 2003) extending it with stream primitives, windowing operators, and validation
functionality.

The basic primitives of SVALIs functional model are objects and functions. SVALI has
two kinds of objects, literal and surrogate objects, where literals are immutable objects
like numbers and string while surrogate objects are mutable objects represented by OIDs
(object IDs) managed by the system. Objects can also be collections, where one important
kind of collections in SVALI is called stream with the following properties: A stream is a
sequence of stream elements representing measurements where a time stamp defines when
the measurement was made. The stream elements are ordered by their time stamps, streams
are continuously extended, and can potentially be unbounded. A stream has a pace, which
is determined by the time stamps of the stream elements.

A query in SVALI defined as a select-from-where expression where variables can be
bound to objects from any domain and functions can be used in the condition.

Functions can be of three kinds:

1. Stored functions model attributes of entities and relationships between entities.
2. Derived functions define rules or views as queries over other functions. Derived func-

tions are similar to views in relational DBMS, but can be parameterized similar to
prepared queries in JDBC.

3. Foreign functions are parameterized functions defined in an external program-ming
languages such as C, Java, or Python.

Functions returning a stream as result are called stream functions. A CQ is defined by
executing a query calling stream functions. To illustrate how regular queries and CQs can be
defined, consider the simplified global meta-database in Fig. 3 of the scenario in Section 2.

Fig. 3 Simplified equipment
meta-data schema
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In SVALI’s data model entity types are defined as types while relationships and attributes
are functions. In Fig. 3 the entity types Machine and Sensor are defined as following:

A query is an expression select projection from bindings where condition, where bindings
specify the domains of variables, the condition is a predicate that specifies restrictions of
variable bindings, and the projection specifies the result tuples.

For example, the following query returns the names of all sensors installed on a machine
“L90F A”:

The definition of a function is an expression create function signature as definition. The
signature is an expression fn(argtypes) → restypes specifying the types of the arguments
and results of the function named fn, while the definition specifies what kind of function it
is (stored, derived, or foreign) and how its values are computed. For a derived function the
definition is a query, while stored and foreign functions are defined by the keywords stored
and foreign, respectively.

For example, to be able run the same query with different machine names, one can define
the following derived function:

The function hasSensor returns a multi-set (bag) of sensors installed in machine
machineName. The query can thus be expressed as hasSensor(“L90F A”);

Here the signature hasSensors(Charstring machineName) → Bag of Sensor specifies
that the function has an argument of type Charstring while the result is a bag of objects
representing sensors. The implementation of the function on lines 2-3 specifies the result of
the function for given parameters as a query.

All functions modeling attributes of object are stored functions. Streams can also be
stored, for example:

The function producedStream returns a stream of vector of numbers, i.e. it is a stored
stream function. Here, what is stored is not the stream elements themselves, but code that
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generates the elements of the stream, i.e. by receiving them through the CANBUS-wrapper.
Queries can be defined on streams, for example,

The elements are retrieved as soon as the system can compute them. For example, the
elements of a raw data stream of the CANBUS are delivered at the same as the CAN-
BUS stream wrapper emits them. However, buffering, communication, and windowing may
distort the pace and cause bursty result delivery, so SVALI does not guarantee that the
measurements are returned in real-time at the same pace as the sources produce them.

To play back a stream according to the pace specified by their time stamps, use:

In this case the system uses the difference in time between the time stamps to determine
when to deliver an emitted stream element to the user.

It is possible to make derived functions that return streams, for example:

Here machineStream() is a derived stream function that returns a stream of vectors
of numbers from a sensor installed on the named machine. The implementation function
calls the derived function hasSensor() and the stored stream function producedStream().
Executing machineStream(“L90F A”) is another example of a CQ.

One important data type in SVALI is called stream windows. Stream windows are moti-
vated by the idea that only the most recent stream elements are of interest, e.g. only the most
recent 100 elements (count windows) or the stream elements during the last second (time
windows). In SVALI, functions that take data streams as input and return streams of win-
dows as output are called window functions. There are several window functions in SVALI
that form different kinds of stream windows including the most common ones such as count
windows and time windows. New kinds of windows are also supported by SVALI, e.g.
predicate windows (Xu et al. 2013) and partition windows explained below. For example,
count windows are formed by the function cwindowize(Stream s, Integer size, Integer slide)
→ Stream of Window, where s is the input stream, size is the number of stream element in
the window, and slide defines how many elements will be expired when a new window is
formed. The following CQ creates a stream of count windows with size 4 and slide 2.

Here siota(1, 10) is a built-in stream function that generates a stream of integers from 1
to 10.

3.2 Validation functionality

In order to detect unexpected equipment behavior, a validation model defines the correctness
of a type of equipment as a set of validation functions, which for each validated stream from
the equipment produces a validation stream describing the difference between measured
and expected behavior. The validation model is stored as meta-data in the local database.
Each tuple in a validation stream has the format (ts, mv, x, ...) where ts is the time of the
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measurement, m is the measured value, and x is the expected value. In addition, application
dependent values describing an anomaly are included in each validation stream element.

For example, a CANBUS stream contains measurements of different kinds, so the vali-
dation stream elements (ts, mv, x, s, ...) include an identifier of the anomaly s, called a signal
identifier. The validation models can also produce alert streams, whose elements (ts, mv,
x, msg, ...) are time stamped error messages msg describing the detected anomalies. Empty
strings indicate normal behavior.

The validation functions can be executed per received element to test for anomalies.
This kind of validation is called instant validation. A simple example of this kind is, “the
temperature of functioning equipment should not exceed 90 ◦C”.

Some monitoring is based on stream windows rather than individual stream elements.
In SVALI this is naturally handled since the result of a window function is a stream of
windows. For example, manufacturing often is cyclic since the same behavior is repeated for
each manufactured item. Monitoring manufacturing cycles often is more meaningful than
instant validations of the measurements during the cycle. This kind of validation requires the
validation models be built based on stream windows and is called window validation. For
example, instead of validating the temperature of the equipment within each time interval,
the moving average of the temperature during each manufacturing cycle is checked.

With model-and-validate, physical models are defined as functions that map measured
parameters to the expected values of the variables to be validated based on physical prop-
erties of the equipment. To detect anomalies, each element of a received stream is checked
against the physical model of the equipment stored in the local database. For example, in
Xu et al. (2013) a mathematical model is developed estimating the expected normal power
usage based on sensor readings in stream elements. The mathematical model is expressed
as derived functions and installed in SVALI’s local database. The system provides a general
function, called model n validate(), which compares data elements in CQs with the installed
physical model and emits a validation stream of significant deviations.

The model-and-validate() function has the following signature:

The second input parameter, modelfn(Object r, ...) → Object x, is a function computing
expected values x of validated physical properties (e.g. expected power consumption) in
terms of a received stream element r in s, where r can be, e.g., a number, a vector, or a
window. The expected value x can be a single value or a complex object specifying several
allowed physical properties and their expected values.

The function validatefn(Object r, Object x, ...) → Bag of (Number ts, Charstring mid,
Object m) returns the non-valid measured physical properties in r. That is, validatefn(r,
modelfn(r)) extracts from modelfn(r) time stamped invalid property value tuples (ts, mid, m),
representing the time ts when each invalid physical property mid had the invalid measured
value m.

The model function can also be a stored function populated by, e.g., mining historical
data. In that case the reference model is first mined offline and the computed parameters
explicitly stored in the stored function modelfn() passed to model n validate(). In this paper,
the reference model of the wheel loader scenario is learnt offline and then used by the
validation function.

With learn-and-validate, models are defined that dynamically adapt to received stream
elements, for example based on statistical models collecting data from the stream during
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learning phases where the behavior of the equipment is guaranteed to be correct. Such
kind of model is called a learn-and-validate model. To automatically learn a model of cor-
rect equipment behavior based on observed streaming data, the system provides the built-in
function learn n validate(). It records the actual behavior of the monitored equipment and
builds a statistical model based on the sampled correct behaviors. After the learning phase,
the learnt model is used as the reference model with which the streaming data will be
compared. As model-and-validate, the system emits a validation stream when significant
deviations are detected.

The learn-n-validate() function has the following signature:

The learning function learnfn(Vector of Object s) → Object x returns statistics x as a
reference model based on n sampled stream elements s. The advantage with learn-and-
validate is that the statistics is more up-to-date than with an offline model such as model-
and-validate. Also it does not require defining the physical model. Offline models may be
defined based on comparing the online stream with historical data.

3.3 Extensibility

Parts of the data processing will require advanced computations such as numerical and sta-
tistical computations made in real-time over the data elements streaming through SVALI.
The numerical computations are often provided as algorithms and packages implemented
in some conventional programming language such as Java or C. Rather than having to
re-implement the algorithms in a new language, it should be possible to call packages
implemented in a programming language from CQs without having to change the imple-
mentations of the algorithms. To cope with this challenge, SVALI is extensible by allowing
for calling (dynamically linked) application dependent foreign functions implemented in
some conventional programming language. The foreign functions can be used in CQs as any
other functions. The algorithms themselves can be left unmodified and only simple inter-
face code needs to be developed. There is a large library of system functions implemented
as foreign functions in SVALI, e.g. for numerical, statistical, stream, and set operations. For-
eign functions provide the basic mechanism for extending the system and to access external
systems and data sources.

As an example, to use the built-in Python function floor(x) in CQs the following foreign
function can be defined:

The prefix py: indicates that the foreign language implementing the foreign function
pyfloor() is Python; the rest of the definition specifies that the function is implemented by
the built-in Python function floor() in package math. It is particularly simple to call foreign
functions in Python since it is a very powerful and interpreted, even though slow language.
The foreign function interfaces to Java and C require more programming. For maximal
performance C should be used, which provides for highest achievable performance, e.g. for
FFT over data streams.
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3.4 The stream uploader

For security reasons the SVALI server has to run on a computer separated by a firewall from
the monitored equipment. The firewall allows client applications to call the SVALI server,
not vice versa. This requires the data sources to establish an authorized connection to the
SVALI server and then issue CQs and SVALI commands to the server.

Figure 4 illustrates the equipment data stream monitoring architecture. On the remote
sites there are embedded SVALI source clients, running on-board the wheel loaders, which
access local data streams via their CANBUS data stream wrappers. The STREAM uploader
is a SVALI component executes local CQs that receive streaming data from the equipment.
The CQs filter and transform the data streams before emitting them to the SVALI server.
To authenticate stream delivery to the SVALI server, the source client has to first issue
an authentication request. After authentication the system starts online stream delivery to
the SVALI server in real-time. The STREAM uploader logs the uploaded measurements in
temporary CSV files on the server, which are simultaneously tailed by the SVALI server
when one or several CQs are activated. These CSV files also provide logs of the uploaded
data. The logs can either be automatically deleted by the system after some time or uploaded
to regular databases for further analyzes.

The uploaded streams are analyzed by application CQs accessing them in terms of stream
identifiers managed by the SVALI server. Client applications can access SVALI either
through a CQ query editor (Bauleo et al. 2014) that allows engineers to graphically specify
CQs, or through client applications sending CQs to SVALI for execution.

4 Functional anomaly detection

The theory behind the validation model used for monitoring wheel loaders is based on a
general statistical model to determine anomalies in streaming data, presented next.

Fig. 4 Equipment data stream monitoring architecture



564 J Intell Inf Syst (2017) 48:553–577

4.1 Higher order cumulant

Higher-order cumulants are useful in diverse applications for many years for their ability to
handle non-Gaussian processes (Olsson et al. 2014). Cumulants above the third-order are
regarded as higher order cumulants while lower order cumulants are from the third-order
and below (Cumulant, http://en.wikipedia.org/wiki/Cumulant).

Higher-order cumulants are preferred instead of second-order for signals corrupted with
Gaussian measurement noise since they are blind to Gaussian processes (Mendel 1991).

Cumulants and Moments are different terms (Dodge 1999). The moment of an ergodic
random process is given as Bendat and Piersol (1980)

ϕk = E[xk] =
∫ ∞

−∞
xkP (x)dx k = 1, 2, . . .

where P(x) is the probability density function.
Moments defined about the mean are referred to as central moments (Bendat and Piersol

1980). The central moment of an ergodic random process is defined as

ϕk = E[(x − x́)] =
∫ ∞

−∞
(x − x́)kP (x)dx k = 1, 2, . . .

where x́ is the mean and P(x) is the probability density function (Bendat and Piersol 1980).
The first central moment is always zero, the second central moment is the variance, and

the third central moment is the skewness (Dodge 1999; Mendel 1991). The first, second and
third order cumulants happens to be equal to the first, second and third central moments, but
the fourth order cumulant is not equal to the fourth central moment but rather a complicated
polynomial function of the central moment (Dodge 1999; Cumulant http://en.wikipedia.org/
wiki/Cumulant; Olson et al. 2014).

Cumulants higher than the fourth order result in even much more mathematical compli-
cations (Dodge 1999).

The first, second, third and fourth order cumulants are defined as Mendel (1991):

C1,x = E[x(n)]
C2,x(k) = E[(x(n) − E[x(n)])(x(n + k) − E[x(n + k)])]

C3,x(k1, k2) = E[(x(t) − E[x(n)])(x(t + k1) − E[x(n + k1)])(x(t + k2) − E[x(n + k2)])]
C4,x(k1, k2, k3) = E[(x(n) − E[x(n)])(x(n + k1) − E[x(n + k1)])

(x(n + k2) − E[x(n + k2)])(x(n + k3) − E[x(n + k3)])]
where the kth-order cumulants is a function of k − 1 lags (Mendel 1991).

C4,x(k1, k2, k3) is a higher order cumulant (Cumulant, http://en.wikipedia.org/wiki/
Cumulant).

Kurtosis is based on the fourth order cumulant and thus a higher order cumulant (Decarlo
1997). The Kurtosis is the normalized fourth order cumulant about the mean and it is
given by

Kurtosis = E[(x(t) − E[x(t)])4]
(E[(x(t) − E[x(t)])2])2

= μ4

σ 4

Where μ4 is the fourth order cumulant and σ is the standard deviation (Decarlo 1997).
The Kurtosis gives an indication of the “peakedness” of a signal and the tailedness of a

probability density function. For a normal distribution the Kurtosis value is 3 but Kurtosis−
3 = 0 is often used (Decarlo 1997).
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4.2 Implementation of Kurtosis in SVALI

The data is streamed to SVALI through in the format of vectors of numbers called frames.
Each frame is a tuple with the following format:

(ts, frameid , v1, v2, ..., vi)

where ts is the time of the measurement. Each frame of type frameid measures a set of
signals, signals(frameid ) = sig1, sig2, ..., sigi , which are stored as meta-data in SVALI. vi

is the sensor reading of sigi in the frame. In the application there are five types of frames,
as in Table 1.

A value set vs(sig, w) is a set of values for a signal sig in a window w. In order to analyze
statistics about a set of observed signals named sigi ∈ SIG in CQs, SVALI provides a
function valueSets(SIG, w) that computes the values sets of the signals named oi in window
w, vs(sigi, w). On the value sets different kinds of statistical aggregate functions can be
applied, e.g to determine anomalies in the values sets of SIG by using Kurtosis.

In the application, the aggregate function kurtosis(V) computes a measure of the peaked-
ness of the probability distribution of the values in a value set V. To determine anomalies
of signals SIG detected in window w, the Kurtosis of vs(sigi, w) is compared with the
expected maximum Kurtosis emk(sigi) for each signals sigi stored as meta-data. An
anomaly is detected when kursosis(vs(sigi, w)) > emk(sigi) for some signal sigi

measured by some frame in window w.

Partition windows In the Volvo wheel loader scenario, one important signal is the gear
sensor reading, which specifies the current gear of the wheel loader. All the frames read from
sensors when the current gear does not change are called one gear cycle and is defined as a
partition window, where a new window is started when the gear changes. In general, parti-
tion windows in SVALI are defined based on the value changes of one or several partition
attributes of the stream elements. In the example the partition attribute is gear, which identi-
fies the current gear. When partition attribute values change, the previous window is emitted
and new one is started. Partition windows are defined by the function partwindowize(Stream
s, Function partitionBy) → Stream of Window. The partition function partitionBy(Object o)
→ Object p maps a received stream element o to p, where the value change of p is used to
partition the stream s to form stream windows.

In the Volvo wheel loader scenario, the partition function defines the gear as the partition
attribute, which is element 8 in the frame.

Table 1 Five types of frames

Frame ID Signals

10 ForwardPressure1, ForwardPressure2, MainPressure, ForwardPressure3

11 PressureR, RearTorque, FrontTorque

2364542723 InputSpeed, TurbTorque, TrmOiltem, Shifting1To2, OffgSlipping,
OngSlipping, Gear, DirGear

2364542467 DiffSpeed1, DiffSpeed2, TurbSpeed, OutgSpeed

15 OutputCoolerTemp
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The stream s is partitioned into a stream of windows when the gear is changed by the
function partwindowize(s, #‘gear’). To detect anomalies in observed signals during each
gear cycle, on each partition window the Kurtosis of each observed signal is calculated
as physical property and compared with its maximum allowed Kurtosis value. The vali-
dation over a CANBUS stream s is specified by model n validate(s, #‘allowedKurtosis’,
#‘anomalies’).1 The model function allowedKurtosis(Window pw) → Bag of (Charstring
sigi, Number ai) returns a set of pairs (sigi, ai) representing the allowed Kurtosis ai of
each observed signal sigi in the partition window pw. The validation function anoma-
lies(Window pw, Bag of (Charstring sigi,Number a) exp) → Bag of (Number ts, Charstring
sigj, Number mj) returns a set of triples (ts, sigj ,mj ), indicating timestamped invalid
measurements mj of signal sigj in pw.

The derived function allowedKurtosis() is defined as:

The stored function maxAllowedKurtosis(Charstring sig) → Number m returns the
allowed Kurtosis m for a signal sig.

The function anomalies() is defined as:

The function returns the anomalies detected in pw by selecting the unexpected measured
Kurtosis values mi of signal sigi that exceeds the maximum allowed value ai . The func-
tion measuredKurtosis(sigi, pw) returns the computed Kurtosis for signal sigi in pw. It is
defined as:

The function kurtosis(vs) of a value set vs is defined as:

where cumulant4() computes the 4th cumulate of value set vs:

1The syntax #‘fn’ denotes the function named ‘fn’.
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A CQ that returns a stream containing invalid measurements for the wheel loader named
“L90F A” is defined as:

The function partwindowize() produces a stream of windows for each gear cycle on
which model n validate() is applied using the above model.

5 Distributed equipment monitoring

Figure 5 shows a typical configuration of SVALI in a distributed setting where a number
of wheel loaders are monitored to produce data streams transmitted to a monitoring center
where they are merged. Each wheel loader runs a local SVALI system running the following
CQ to produce a stream of gear cycle windows from CANBUS channel 007 uploaded to the
monitoring center “M1”:

Each site has an identifier which is sent to the monitoring center and there stored in
a function enumerating the monitored sites, sites(Number id) → Charstring Name. The
monitoring center identifies anomalies in any monitored machine by merging and validating
the uploaded gear cycle window streams from all the sites with the CQ:

Fig. 5 Central validation
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The function streamFrom(Charstring site) → Stream returns the stream uploaded from
a given site. The merging is done asynchronously as new tuples arrive from the sites, while
local queries produce streams of gear cycle windows in parallel on each wheel loader. This
is possible since SVALI systems run both in the monitoring center and on each wheel loader.
The execution of local queries on each wheel loader furthermore gives local control on each
site what data to send to the monitoring center. The validation is done at the monitoring
center. This is called central validation.

The local SVALI systems on each wheel loader enable parallel processing of expensive
functions. In particular also the expensive model n validate() can be run in parallel on each
wheel loader as illustrated by Fig. 6. This should improve the response and throughput of
the validation. This is called parallel validation. In this case the following CQ runs on each
wheel loader:

The following CQ runs at the monitoring center which just merges the validation stream
from each site:

Fig. 6 Parallel validation
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6 Evaluation

The two validation strategies are experimentally evaluated to investigate the performance
improvement by local SVALI validation on each site. For experimental purposes, we use
logged CSV files from Volvo CE wheel loaders to simulate online streams on each site.
The number of validated wheel loaders is scaled up to 100 by starting new SVALI instances
on separate nodes. The size of each recorded source data stream is around 40 MB (543917
tuples) having more than 500 partition windows. The result stream for validating the
recorded source data consists of 1054 tuples, i.e. the data reduction is about 99.81 %. The
experiments were made on a Dell PowerEdge R815 which has 4 CPUs with 16 2.3 GHz
cores each. Both the processing capacity of SVALI and the response times (delays) were
measured for different experimental settings.

6.1 System capacity

The purpose of the first experiment is to investigate the capacity of the system, i.e. how
much data can be validated as the number of wheel loaders is increased. In the experiment
all of the recorded data was streamed to each site SVALI at disk read speed, which is 201316
tuples/s (20 Mbytes/s per site or 5 μs/tuple), and processed by SVALI with the model above
using central and parallel validation. The total through-put of processing the entire recorded
streams at full speed was measured in Fig. 7. The throughput of the central validation on
one core was around 3.5 Mbps. The throughput of parallel validation reached a maximum
of 110 Mbps when the number of machines was more than the available number of cores,
64, since more than one SVALI instance then have to run on the same core.

6.2 Response time

First the average and maximum response times with central and parallel validation were
measured. Each wheel loader WLn, n = 1...N has a recorded data stream Sn over which

Fig. 7 Full speed streaming throughput
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In partition windows are created by SVALI during the processing. As in the linear road
benchmark (Arasu et al. 2004), the response time is defined as the difference between the
time receiveTi when the stream element is received by the DSMS and emitTi when the
DSMS emits the result. Maximum and average response times are calculated as following:

avgReponseT ime = �N
n=1�

In

i=1(emitTi − receiveTi)

�N
n=1In

maxReponseT ime = max
1≤n≤N

( min
1≤i≤In

(emitTi − receiveTi))

6.2.1 Scaling the number of monitored streams

All of the recorded data was streamed to each site SVALI at disk read speed, i.e. 20 Mbytes/s
per site or 5 μs/tuple, and validated with the model above using both central and parallel
validation. Both the average and maximum validation times were measured in Fig. 8.

Figure 8 shows that parallel validation clearly outperforms the central one by several
orders of magnitude. The max response time with central validation was much more slower
than the average and therefore not included in the diagram. For parallel validation only, the
maximum validation time is compared with the average in Fig. 9. It shows that the average
validation time increases with a very small slope, while the maximum time increases faster,
in particular when the number of machines exceeds the available number of cores, 64. The
figure also shows that the average times are much lower than the maximum one, which
means most of the validations are cheap with a few outliers.

6.2.2 Using actual stream rates

The previous experiment was conducted with a very high data rate per site stream. In prac-
tice the stream rate is lower. We therefore measured the scalability of the system over the
number of machines using the actual stream rates. The streams are time stamped around

Fig. 8 Full speed streaming response time
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Fig. 9 Full speed streaming parallel response time

each 5 ms / tuple and the playback() function was used, unlike in the first experiment.
Figure 10 shows that in this case parallel validation also outperforms the central one. With
parallel validation the average response time stays almost constant while it increases slowly
when scaling the number of machines with full speed validation. However, the central
validation here performs comparably better, as illustrated by Fig. 11 measuring the improve-
ment ratio of central and parallel validation for the full speed and actual data rates. It shows
that the response time of central validation improves a lot with the actual stream rate, which

Fig. 10 Playback stream average response time
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Fig. 11 Improvement ratio between full speed and actual rates

is because the playback function delays the delivery of the data streams and thus gives more
room for the central server to do the validation.

6.2.3 Scaling the site stream rates

To investigate how different site stream rates influence the validation scalability, they were
scaled from 1 ms to 10 ms per tuple while keeping the number of machines constant at 100.
As shown in Figs. 12 and 13, central validation gets saturated when the stream rate is high
while for parallel validation both the maximum and average response times are virtually
rate independent as long as there are sufficient computational resources.

In conclusion, we show that the parallel validation in SVALI scales very well w.r.t.
response time and system throughput when pushing expensive computations as close to the
source as possible. In the experiments parallel validation has 0.09 second average response
time, which is sufficient for our application. Different from hard real-time systems, for
equipment anomaly detection the average response time is much more important than the
maximum as long as the overall stream process can keep up with the stream rate.

7 Related work

In the last decades, data stream processing has gained a lot of research interests. Sev-
eral Data Stream Management Systems (DSMSs), such as Aurora (Abadi et al. 2003), and
STREAM (Motwani et al. 2002), have been developed based on modified relational data
models where variables in queries are bound to rows. By contrast, SVALI uses a functional
data model to express CQs where streams are first class objects in domain calculus queries.
Furthermore, SVALI allows calling external libraries as foreign functions so that complex
algorithms over data streams can be efficiently implemented and used in CQs.
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Fig. 12 Validate 100 machines with different arrival rates

Various research issues on outlier detection for data streams are discussed in Sadik and
Gruenwald (2014). In our work, unexpected behavior of the equipment can also be seen as
outliers from normal behavior. Because data streams are online and dynamic, outlier detec-
tion in the stream context becomes fundamentally different than regular outlier detection,
which often done in a store-and-process fashion. In Sadik and Gruenwald (2014) previous
work on stream outlier detection is categorized into four major classes: (i) outlier detec-
tion over sliding windows (Angiulli and Fassetti 2010; Cao et al. 2014; Subramaniam et al.
2006; Yang et al. 2009), (ii) auto-regression (Shuai et al. 2008) , (iii) data stream clustering

Fig. 13 Validate 100 machines with different arrival rates
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(Yang et al. 2009), and (iv) statistical density functions over data stream elements (Huang
et al. 2012; Subramaniam et al. 2006; Zhang et al. 2008). Because SVALI makes no dif-
ference between regular data types and stream objects, anomaly detection using SVALI’s
built in validation functions falls into the first category. Our application that validate correct
behavior of wheel loaders with a Kurtosis-based statistical model shows that the domain
query language of SVALI provides a powerful tool to express statistical and other numerical
functions in mathematical models that identify abnormal behavior of the equipment. Hence,
our work also belongs to the fourth category.

There are two main parallelization strategies for processing data streams. One is to paral-
lelize continuous query execution plans (Abadi et al. 2005; Jain et al. 2006) where operators
are placed on different compute nodes. The other is to partition the input streams into sub-
streams, on which CQs are applied in parallel (Brenna et al. 2009; Zeitler and Risch 2011).
In SVALI, the latter strategy is used by parallelizing expensive validations over the equip-
ment sites. The very high reduction in streams data rates for anomaly detection makes
parallel validation particularly favorable.

In Xue et al. (2006), the authors describe an approach resembling our Kurtosis model for
fault detection in locomotives as an add-on to the CBR (Case Based Reasoning) diagnosis
system (Varma and Roddy 1999). Like in our system, the signals are processed individually
to detect an anomaly and then fused together using another machine learning algorithm.
They use a non-parametric test to detect individual anomalies and a generalized regression
neural network to combine the signals to one anomaly indication output. However, they
do not describe how they integrate the CBR system and the anomaly detection part, while
we show how the functional data model of SVALI enables convenient integration of data
streams from distributed equipment.

In other work on anomaly detection from equipment, e.g by Miura et al. (1998), Mäki
(2003b), Marklund (2010), Ito et al. (2012), Fatima et al. (2012), Okabe (2009), Berglund
(2013), the anomaly detection is made in test-rigs, but not in the actual heavy duty machines.
In our application clutch slippage detection and diagnoses are done on-board the equipment
where streams of sensors are processed on the machine by SVALI using a CAN bus wrapper.
SVALI enables the anomaly detection to be expressed on a very high level as CQs using a
functional anomaly detection model.

8 Conclusions and future work

We presented a general system, SVALI, to detect anomalies in data streams. Anomalies in
the behavior of heavy duty equipment streams are detected by running SVALI on-board
the machines. In SVALI anomaly detection rules are expressed declaratively as continuous
queries over mathematical/statistical models that match incoming streamed sensor readings
against an on-board database of normal readings.

To enable scalable validation of geographically distributed equipment, SVALI is a dis-
tributed system where many SVALI instances can be started and run in parallel on the
equipment. Central analyses are made in a monitoring center where streams of detected
anomalies are combined and analyzed.

The functional data model of SVALI provides definition of meta-data and validations
models in terms of typed functions. Continuous queries are expressed declaratively in terms
of a domain calculus where streams are first class objects. Further-more, SVALI is an exten-
sible system where functions can be implemented using external libraries written in C, Java,
or Python without any modifications of the original code.
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To control the transmission of equipment data streams to the monitoring center, there
is a firewall around the monitoring center. Therefore, the data streams from the equipment
are transmitted to the monitoring center using a stream uploader, rather than accessing the
sensored data in the inverse direction from the monitoring center.

To enable stream validation on a high level, the system provides two system vali-dation
functions, model n validate() and learn n validate(). model n validate() allows the user to
define mathematical models based on physical properties of the equipment to detect unex-
pected equipment behavior. The model can also be built using historical data and then stored
in the database as reference model. In the scenario from Volvo CE, the maximum allowed
Kurtosis is first built off-line and then used to detect clutch slippages of wheel loaders. By
contrast, learn n validate() builds a statistical model by sampling the stream on-line as it
flows. The model can also be re-learnt in order to keep it updated, e.g. after some time units
or amount of processed stream elements.

Experimental results show that the distributed SVALI architecture enable scalable mon-
itoring and anomaly detection with low response times when the number of monitored
machines and their data stream rates increase. The experiments were made using real
data recorded in running equipment. The experiments show that parallel validation where
expensive computations are done in the local SVALI peers has good response time and
throughput.

The monitoring capability presented is furthermore a necessary means for monitoring
large numbers, or fleets, of for instance vehicles or production equipment when customers
are offered result or availability oriented contracts. Examples of such offers are Industrial
Product-Service Systems and Functional Products, where the ability to act in a proactive
manner and conduct predictive maintenance based on facts are key (Olsson et al. 2014).

A future work is to combine different kinds of data streams from different equipment
exploring more information to refine the model. New scalability challenges may come up
w.r.t. stream joins. Another direction is to analyze parallelization strategies when there are
shared computations between CQs over the same data stream.
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Abadi, D.J., Carney, D., Çetintemel, U., Cherniack, M., Convey, C., Lee, S., Stonebraker, M., Tatbul, N.,
& Zdonik, S. (2003). Aurora: a new model and architecture for data stream management. The VLDB
Journal, 12, 120–139.

Abadi, D.J., Ahmad, Y., Balazinska, M., Cetintemel, U., Cherniack, M., Hwang, J.-H., Lindner, W., Maskey,
A.S., Rasin, A., Ryvkina, E., Tatbul, N., Xing, Y., & Zdonik, S. (2005). The design of the borealis stream
processing engine. In Second biennial conference on innovative data systems research (CIDR 2005),
Asilomar, CA.

Angiulli, F., & Fassetti, F. (2010). Distance-based outlier queries in data streams: the novel task and
algorithms. Data Mining and Knowledge Discovery, 20, 290–324.



576 J Intell Inf Syst (2017) 48:553–577

Arasu, A., Cherniack, M., Galvez, E., Maier, D., Maskey, A.S., Ryvkina, E., Stonebraker, M., & Tibbetts, R.
(2004). Linear road: a stream data management benchmark. In Proceedings of the thirtieth international
conference on very large data bases - volume 30, VLDB ’04, VLDB Endowment (pp. 480–491).

Bauleo, E., Carnevale, S., Catarci, T., Kimani, S., Leva, M., & Mecella, M. (2014). Design, realization
and user evaluation of the smartvortex visual query system for accessing data streams in industrial
engineering applications. Journal of Visual Languages and Computing, 25(5), 577–601.

Bendat, J., & Piersol, A. (1980). Engineering applications of correlation and spectral analysis. Wiley.
Berglund, K. (2013). Predicting wet clutch service life performance. PhD thesis.
Brenna, L., Gehrke, J., Hong, M., & Johansen, D. (2009). Distributed event stream processing with non-

deterministic finite automata. In Proceedings of the third ACM international conference on distributed
event-based systems, DEBS ’09 (pp. 3:1–3:12). New York, NY, USA: ACM.

Canbus. http://en.wikipedia.org/wiki/CAN bus.
Cao, L., Wang, Q., & Rundensteiner, E.A. (2014). Interactive outlier exploration in big data streams. Proc.

VLDB Endow., 7, 1621–1624.
Cumulant. http://en.wikipedia.org/wiki/Cumulant.
Decarlo, L.T. (1997). On the meaning and use of kurtosis. Psychological Methods, 292–307.
Dodge, V.R.Y. (1999). The complications of the fourth central moment. The American Statistician, 53(3),

267–269.
Fatima, N., Marklund, P., & Larsson, R. (2012). Water contamination effect in wet clutch system.
Huang, J., Zhou, B., Wu, Q., Wang, X., & Jia, Y. (2012). Contextual correlation based thread detection in

short text message streams. Journal of Intelligent Information System, 38, 449–464.
Ito, K., Barker, M., Kubota, K., & Yoshida, S. (2012). Designing paper typewet friction material

for high strength and durability. In SAE International off-highway and powerplant congress and
exposition.

Jain, N., Amini, L., Andrade, H., King, R., Park, Y., Selo, P., & Venkatramani, C. (2006). Design, imple-
mentation, and evaluation of the linear road bnchmark on the stream processing core. In Proceedings of
the 2006 ACM SIGMOD international conference on management of data, SIGMOD ’06 (pp. 431–442).
New York, NY, USA: ACM.

Katchaounov, T., Josifovski, V., & Risch, T. (2003). Scalable view expansion in a peer mediator system. In
Eighth international conference on database systems for advanced applications, 2003. (DASFAA 2003).
Proceedings (pp. 107–116).

Mäki, R. (2003a). Wet clutch tribology: friction characteristics in limited slip differentials. PhD thesis.
Mäki, R. (2003b). Wet clutch tribology; friction characteristics in all-wheel drive differentials. In Tribologia,

(Vol. 22, no. 3 pp. 5–16).
Marklund, P. (2010). Permeability measurements of sintered and paper based friction materials for wet

clutches and brakes 2010.
Mendel, J. (1991). Tutorial on higher-order statistics (spectra) in signal processing and system theory:

theoretical results and some applications. Proceedings of the IEEE, 79, 278–305.
Miura, T., Sekine, N., Azegami, T., Murakami, Y., Itonaga, K., & Hasegawa, H. (1998). Study on the dynamic

property of a paper-based wet clutch. In SAE International congress and ex-position.
Motwani, R., Widom, J., Arasu, A., Babcock, B., Babu, S., Datar, M., Manku, G., Olston, C., Rosenstein,

J., & Varma, R. (2002). Query processing, resource management, and approximation ina data stream
management system. Technical Report 2002-41, Stanford InfoLab.

Namburu, S., Wilcutts, M., Chigusa, S., Qiao, L., Choi, K., & Pattipati, K. (2006). Systematic data-driven
approach to real-time fault detection and diagnosis in automotive engines. In Autotestcon, 2006 IEEE
(pp. 59–65).

Okabe, K. (2009). Proposal of field life design method for wet multiple plate clutches of automatic
transmission on forklift-trucks.

Olsson, T., Källström, E., Gillblad, D., Funk, P., Lindström, J., Håkansson, L., Lundin, J., Svensson, M.,
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ABSTRACT

In order to reduce unnecessary stops and expensive down-
time originating from clutch failure of construction equip-
ment machines; adequate real time sensor data measured
on the machine in combination with feature extraction and
classification methods may be utilized.

This paper presents a framework with feature extraction
methods and an anomaly detection module combined with
Case-Based Reasoning (CBR) for on-board clutch slippage
detection and diagnosis in heavy duty equipment. The fea-
ture extraction methods used are Moving Average Square
Value Filtering (MASVF) and a measure of the fourth or-
der statistical properties of the signals implemented as con-
tinuous queries over data streams. The anomaly detection
module has two components, the Gaussian Mixture Model
(GMM) and the Logistics Regression classifier. CBR is a
learning approach that classifies faults by creating a new
solution for a new fault case from the solution of the pre-
vious fault cases. Through use of a data stream manage-
ment system and continuous queries (CQs), the anomaly
detection module continuously waits for a clutch slippage

Elisabeth Källström et al. This is an open-access article distributed un-
der the terms of the Creative Commons Attribution 3.0 United States Li-
cense, which permits unrestricted use, distribution, and reproduction in
any medium, provided the original author and source are credited.

event detected by the feature extraction methods, the query
returns a set of features, which activates the anomaly de-
tection module. The first component of the anomaly detec-
tion module trains a GMM to extracted features while the
second component uses a Logistic Regression classifier for
classifying normal and anomalous data. When an anomaly
is detected, the Case-Based diagnosis module is activated
for fault severity estimation.

1. INTRODUCTION

Being present in a highly competitive business area, the
heavy duty construction equipment industry strives to com-
pete effectively with the market challenges by continuously
providing better features/systems to meet customer needs
and requirements. The customer needs and requirements
include, e.g., improved availability and avoided unplanned
stops, predictable/proactive maintenance instead of reactive
maintenance, as well as highly accurate work planning.

With increasing complexity in the machines, more and more
research is directed towards developing intelligent machines
where it is possible to automatically (remotely) monitor the
health of sub-systems and major components in the ma-
chine (Setu et al., 2006). Such a component is the au-
tomatic transmission clutches, which may be considered
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as a crucial component of its driveline. To reduce service
cost and to improve uptime, an on-board data driven detec-
tion and diagnosis technique based on real time sensor data
from the machine is considered. In this way, the health of
the clutch material may be continuously monitored, and if
the clutch health starts to degrade a service and/or repair
may be scheduled well in advance of a potential clutch fail-
ure. The feature extraction and anomaly detection module
combined with case-based reasoning (CBR) for on-board
clutch slippage detection and diagnosis are implemented via
a data stream management system (DSMS) and continuous
queries (CQs), which allows numerical analysis packages
to be plugged in (Xu, Wedlund, Helgoson, & Risch, 2013;
Zeitler & Risch, 2011).

In (Olsson, Källström, et al., 2014), we proposed the di-
agnostic approach shown in Fig. 1. The system consists
of the three parts. The first part (1) is the feature extrac-
tion module presented in the previous section. The second
part (2) is the on-board anomaly detection part. The third
part (3) is the off-board case-based fault diagnosis part. The
anomaly detection was done by a probabilistic classifier (we
used logistic regression) that was trained to recognize nor-
mal cases and anomalous cases based on a small sample of
known anomalies (faults), while the anomalies were diag-
nosed by a CBR approach off-line. In this paper, we give a
more detailed analysis of each component and we also as-
sess the performance of the parts as a whole while in the
previous paper we only tested them individually.

2. AUTOMATIC TRANSMISSION CLUTCHES

A clutch enables the connection and transfer of torque be-
tween two rotating shafts when engaged (Lingesten, 2012).
Heavy duty equipment generally has an automatic transmis-
sion with a multiple disc wet clutch (Lingesten, 2012). A
wet clutch is simply a clutch that operates while submerged
in a lubricant, and this lowers the friction between the discs
as compared to a dry clutch (Mäki, 2005). The multiple
disc wet clutches allow engagement while there is a large
difference between the rotation speeds of the two shafts
(Lingesten, 2012). A multiple disc wet clutch pack con-
sists of separator discs, friction discs, lubricant, piston and
two shafts (Lingesten, 2012). Furthermore, multiple disc
wet clutches are illustrated in Fig. 2 and explanations are
available below:

1. Gear /Output shaft
2. Hub (output shaft side)
3. End plate
4. Friction disc
5. Returning spring
6. Separator disc
7. Drum (input shaft side)

8. Piston
9. Input shaft

10. Lubrication line
11. Bearing

The clutch plates are arranged in such a way that one of
the discs is driven by a hub and the other by a drum, see
Fig. 1 (Ompusunggu, Papy, Vandenplas, Sas, & Brussel,
2012). The drum and hub are driven by a joint that allows
axial movement such as splines and lugs (Ompusunggu et
al., 2012). In the clutch pack along its axial direction every
other disc is a separator disc and in between the separator
discs are the friction disc. The friction material in the fric-
tion discs are coated with either paper, asbestos or sintered
bronze, while the separator discs are basically steel plates
(Lingesten, 2012). The asbestos material is not used any-
more due to its high toxicity (Lingesten, 2012).

To engage the clutch, a hydraulic induced normal force is
applied to the clutch piston thereby clamping together the
friction disc and the separator disc, which allows torque
transfer between the two shafts (Mäki, 2005). Clutch discs
in the multiple disc wet clutch pack are designed to slip for
a defined period of time (slip time) in order not to burn the
clutch material due to excessive friction (Berglund, 2013).
The friction characteristics of the wet clutches are crucial
for the ultimate performance of the automatic transmission
because they define how long time the clutches slip during
an engagement (Fatima, Marklund, & Larsson, 2013).

Furthermore, a clutch is considered to have failed when it
can no longer transmit the desired torque. The level of
torque transfer in wet clutches is controlled by the gener-
ated friction in it, and a good and stable friction coefficient
which keeps output torque at a required level is important
(Fatima et al., 2013; Fatima, Marklund, & Larsson, 2012).
Thus, clutch slippage is a result of diminishing frictional
characteristics of the clutch system (Fatima et al., 2013).
The friction characteristics of the clutch material are influ-
enced by different factors such as the clutch material struc-
ture, porosity, lubricant and permeability (Berglund, 2013;
Marklund, 2010). Furthermore, the coefficient of friction
may be affected by sliding speed, varying load, boundary
friction, contact temperature of clutch plates and friction
due to fluid flow through the friction material (thin-film fric-
tion) (Fatima et al., 2012; Devlin et al., 2004).

Thus, degradation of the wet clutch results in a continual
drop in the coefficient of friction throughout the clutch ser-
vice life (Fatima et al., 2013).

To sum up, many factors influence the service life of the
multiple disc wet clutches and most of these factors are dif-
ficult to isolate and accurately measure. This makes it al-
most impossible to match the service life condition of the
transmission in an actual machine with corresponding test
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Figure 1. The proposed on-board and off-board diagnosis framework.

Figure 2. Multiple disc wet Clutch pack 2-D view
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rig computation (Kazunari, Akihiko, & Takeshi, 2009).
This concerns factors such as temperature of clutch plates,
coefficient of friction, torque transfer, drag torque, normal
force, oil viscosity, oil quality, oil temperature in the clutch
pack, absorbed energy, absorbed energy rate, etc. Kazunari
et al. 2009 focused on the degradation level of wet clutches
due to temperature and they developed the T-N curve (i.e.
temperature vs. frequency of occurrence) for the life cal-
culation of multiple wet clutches (Kazunari et al., 2009).
However, the method presented by Kazunari et al. required
knowledge of the inner and outer temperatures of the mul-
tiple wet clutch pack as well as the S-N curve (i.e. fatigue
strength vs. frequency of occurrence) of the metal thermal
deformation, which only is possible to measure in a test rig.

Since many of the factors that influence the frictional char-
acteristic of the clutch are only measurable in a test rig but
not measurable in today’s actual heavy duty machine, this
paper addresses the gap in condition monitoring of auto-
matic transmission clutches in an actual heavy duty ma-
chine by monitoring the health of the clutch material on-
board the machine using the available controller area net-
works (CAN-bus) signals in the machine together with the
feature extraction and anomaly detection module combined
with case-based reasoning (CBR) to prevent clutch failure.

3. RESEARCH APPROACH FOR INDUSTRIAL CASE STUDY

The research approach was based on experimentation in an
industrial setting using a Volvo L90F wheel loader. The ex-
perimental set-up, data collection and extraction, data anal-
ysis and feature extraction, and CBR are further described
below in this section.

3.1. Experimental Set-up and Data Collection/Extraction

Real time sensor data measurements were logged on the
machine with the CAN-bus and broadcasted to the on-board
DSMS via a CAN-bus wrapper. The CAN-bus (controllers
area network) is the standard message-based protocol which
allows different electronic components (e.g. electronic con-
trol units, sensors, micro-controllers, actuators, devices, etc.)
to communicate (Marx, Luck, Pitla, & Hoy, 2016). Fur-
thermore, the CAN-bus allows data logging from different
sensors (Marx et al., 2016).

The signals logged from the machine CAN-bus are the trans-
mission oil temperature, turbine torque, clutch 1 and 2 dif-
ferential speeds, out-going speed, input speed, turbine speed,
off-going slip, on-going slip, engaged gear, gear direction,
shifting from 1 to 2 and 2 to 1. The data was logged with
a 32-bit CAN-bus at a baud rate of 250 kBaud correspond-
ing to 7.995 MBits/s. To read the digital data from machine
CAN-bus signals, a sampling frequency of 500Hz was used.

Due to too much heat generated in the Forward 2 and 1

clutches of the L90F wheel loader machine, only gear shifts
from gear one to two and vice versa were logged for this ex-
periment. To simulate leakage in the clutches, two manual
needle valves were installed on the pressure out-takes on
the clutch 1 and clutch 2. This enables the adjustment of
the oil pressure going to the piston in the clutches. Each of
the needle valves can be opened in seven steps (each step
corresponding to 3600) simulating different severity of the
fault. The system was set up as Fig. 4 shows.

3.2. DATA ANALYSIS/FEATURE EXTRACTION

3.2.1. Higher Order Statistical Properties

Commonly when statistical properties of stochastic processes
are studied the mean, autocorrelation, autocovariance, etc.
of a process are considered (Bendat & Piersol, 2010). The
autocorrelation, autocovariance, etc. are so-called second-
order statistical properties, higher-order statistical proper-
ties or non-Gaussian properties are of third-order or higher
(Manolakis, Ingle, & Kogon, 2000). The moments mk of a
random process X(n),n ∈ Z are given by (Papoulis, 1991):

mk = E[xk(n)] k = 1,2, ..

where E[·] is the expectation operator and the central mo-
ments of random process are defined as:

mc
k = E[(x(n)−E[x(n)])k] k = 1,2, ..

The first central moment is always zero, the second cen-
tral moment is the variance. However, the skewness γ3

x(n)
is defined as a normalized third central moment according
to (Manolakis et al., 2000):

γ3
x(n) = E

⎡⎣ (x(n)−E[x(n)])3

σ3
x(n)

⎤⎦=
mc

3

σ3
x(n)

(1)

where E[·] is the expectation operator. The skewness pro-
vides a measure on the asymmetry of a probability density
function around its mean. Furthermore, the kurtosis γ4

x(n) is
defined as the normalized fourth central moment subtracted
with three and is given by (Manolakis et al., 2000):

γ4
x(n) = E

⎡⎣ (x(n)−E[x(n)])4

σ4
x(n)

⎤⎦−3 =
mc

4

σ4
x(n)

−3 (2)

The kurtosis gives an indication of the ”peakedness” and
the ”tailedness” of a probability density function (DeCarlo,
1997; Manolakis et al., 2000). For a Gaussian distributed
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Figure 3. L90F Wheel Loader

Figure 4. Newly Installed needle valves on the pressure outlets on the Transmission of the L90F complete machine
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random process the kurtosis value is 0 (DeCarlo, 1997;
Manolakis et al., 2000).

3.2.2. Mean Square Value and Moving Average Square
Value Filtering (MASVF)

Usually mean and mean square values of random signals
may be estimated with the aid of time averages and/or en-
semble averages depending on the underlying physical phe-
nomenon a signal originates from (Bendat & Piersol, 2010).
For instance, if the underlying physical phenomenon from
which a random signal originates enables time averaging for
the estimation of an unbiased and consistent mean square
value of the signal, the signal may be considered to be weakly
ergodic. Weakly ergodic stochastic processes constitute a
subset of weakly stationary stochastic processes (Bendat &
Piersol, 2010). For instance, unbiased and consistent es-
timates of the mean value, the auto correlation and auto
covariance of a weakly ergodic stochastic process may be
estimated with the aid of time averages (Bendat & Piersol,
2010). The mean value E[x(n)] of a weakly ergodic signal
x(n), n = 1,2, ...,N may be estimated using a time average,
according to:

Ê[x(n)] =
1
N

N−1

∑
n=0

x(n) (3)

Where n is the discrete time and N is the number of samples
included in the time average. The estimate Ê[x(n)] is an
unbiased estimate of the true mean value, E[x(n)] (Bendat
& Piersol, 2010). In the same way, an estimate of the mean
square value E[x2(n)] of a weakly ergodic process may be
produced as (Bendat & Piersol, 2010):

Ê[x2(n)] =
1
N

N−1

∑
n=0

x2(n) (4)

The variance or the second central moment, σ2
x(n), of weakly

ergodic stochastic process may now conveniently be esti-
mated as (Bendat & Piersol, 2010):

σ̂2
x(n) =

1
N

N−1

∑
n=0

(x(n)− Ê[x(n)])2 (5)

If a stochastic process X(n),n ∈ Z is fourth-order ergodic
the kurtosis γ4

x(n) may be consistently estimated as (Manolakis
et al., 2000):

γ̂4
x(n) =

1
N ∑N−1

n=0 (x(n)− Ê[x(n)])4

( 1
N ∑N−1

n=0 (x(n)− Ê[x(n)])2)2
−3 (6)

To estimate the mean value, mean square value, etc. for a

non-stationary stochastic process so-called moving time av-
eraging may be utilized (Bendat & Piersol, 2010; Andren,
Håkansson, Brandt, & Claesson, 2004). An estimate of a
time varying mean value for a signal x(n) with the aid of
moving averaging may be produced as:

Ê[x(n)] =
1
N

N−1

∑
j=0

x(n− j), n ∈ {N −1,N, . . .} (7)

For the selection of the length N of the moving time aver-
age the time constant of the non-stationary behavior of the
stochastic process and the variance of the estimates have to
be considered. Consequently, the moving averaging proce-
dure for the estimation of a time varying mean square value
may, e.g., be expressed as:

Ê[x2(n)] =
1
N

N−1

∑
j=0

x2(n− j), n ∈ {N −1,N, . . .} (8)

The moving averaging procedure may for instance be car-
ried out with the aid of a FIR filter having the impulse re-
sponse:

h(n) =

{
1
N , 0 ≤ n ≤ N −1
0 , otherwise

(9)

The MASVF is realized by filtering squared samples of a
signal with an adequate filter (Andren et al., 2004). Thus,
an estimate of the time varying mean square value of a sig-
nal x(n) may for instance be produced according to the con-
volution sum:

Ê[x2(n)] =
1
N

N−1

∑
j=0

x2(n− j)h( j), n ∈ {N −1,N, . . .} (10)

The moving average square value filtering not only smooth-
ens random variations of the signal but also gives an indica-
tion of the mean square properties of a signal (Andren et al.,
2004). The mean square value estimates may also provide
information about the stationarity of a signal (Bendat &
Piersol, 2010). The moving average filter acts as a low-pass
filter over the squared magnitude of the signal, the part of
the squared signal that is within the bandwidth of the filter
is not attenuated while the part of the squared signal that is
outside the bandwidth of the filter is attenuated (Andren et
al., 2004). The averaging time defines the length of the filter
(Andren et al., 2004). If different time varying properties of
the mean square value of a signal are desired, filters with
different lengths may be used instead of filters with fixed
length (Andren et al., 2004).
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3.2.3. The Gaussian Mixture Model and Logistic Re-
gression

A common statistical model for modelling continuously val-
ued data is the multivariate Gaussian mixture model (GMM)
(Murphy, 2012). A GMM assumes that cases are generated
by a set of clusters of Gaussian distributions. Thus, a GMM
is the weighted sum of the set of Gaussian distributions:

p(�x) =
z

∑
Z=1

p(�x|z)p(z) (11)

p(�x|z) = 1
2
√

2πK
∣∣∑z

∣∣e−(�x−�μz)
T �∑−1

z (�x−�μz) (12)

where �x is a case represented as a numerical vector with
length K, Z is the number of clusters, z denotes a specific
cluster, p(z) is the probability of the cluster and p(�x|z) is
the likelihood of case �x conditioned on cluster z, while �μz
is a vector of mean values and �∑z is the correlation matrix

for cluster z, and
∣∣∣�∑z

∣∣∣ is the determinant of �∑z . The param-

eters �∑z, �μz, and p(z) are estimated using the Expectation-
Maximization algorithm (Dempster, Laird, & Rubin, 1977).
A Gaussian mixture model can in principle model any type
of distribution with a large enough number of cluster com-
ponents.

A commonly used algorithm for classifying data is the lo-
gistics regression classifier (LRC). LRC is a binary classi-
fier that can separate between two classes (Murphy, 2012).
LRC is, as the name tells, a linear classifier, which can be
considered a discrete version of linear regression. The LRC
probability distributions for two classes c ∈ [0,1] given a
feature vector�x is

p(c = 1|�x) = 1

1+ exp( �−ωT�x)
(13)

p(c = 0|�x) = exp(−�ωT�x)
1+ exp(−�ωT�x)

(14)

where �ω is a weight vector with K + 1 weights assuming
that x has K +1 features including an extra feature that is 1
for all cases. A case is then classified as c = 1 if �ωT�x ≥ 0
and c= 0 otherwise. The logistic regression is well suited to
use on board a machine since it is a simple algorithm with a
small number of parameters. Also, since it is a discrimina-
tive classifier, it makes few assumptions of the distribution
on of the independent features of�x in contrast to generative
classifiers where the distribution of�x is also modeled.

3.3. ANOMALY DETECTION

Anomaly detection is about finding patterns that deviate
substantially from what is considered normal (Chandola,
Banerjee, & Kumar, 2009). Typically, it is assumed that

the normal cases are much more common than the abnor-
mal and faulty cases, so that what constitutes the normal
pattern can be learned. Since not all fault classes need to be
known in advance, anomaly detection has become a popular
approach for fault detection. There are two approaches to
anomaly detection, unsupervised and supervised anomaly
detection. In the unsupervised approach, it is assumed that
there are no known anomalous cases in which case a model
is created based on all data and the cases not fitting the
model with respect to a specified criterion are considered
anomalous. In the supervised approach there is a small set
of known anomalous cases that can be used for training a
machine learning model that can be adjusted to an imbal-
anced data set.

In this work, we assume that there is a large set of cases
known to be normal and a relatively small set of cases known
to be anomalous. In addition, not all fault classes are known
beforehand, so new faults should also be detected. Thus,
given these assumptions, an ordinary classifier is not suffi-
cient, and therefore, we use a supervised anomaly detection
approach instead.

In the proposed approach, the anomaly detection compo-
nent is continuously monitoring the vehicle by classifying
the extracted signal features into normal or anomalous using
a continuous query running on the machine. If a case is con-
sidered anomalous, the signals are sent off-board for further
analysis. In addition, the anomaly detection method should
be fast and light-weight, since it should be able to handle
continuous streams of data on-board a machine. However,
it is not required that the anomaly detection model is created
on-board, so that is done off-board in the current setup.

A common way of doing anomaly detection is to fit a statis-
tical model to the non-anomalous cases and then, by choos-
ing a suitable threshold, classify cases above the threshold
as normal and below the threshold as anomalous since they
are unlikely (Chandola et al., 2009). So, in this simple sta-
tistical approach �x is defined to be anomalous if p(�x) <
α where α is a small threshold that is selected using the
anomalous cases and p(�x) is the probability of �x given the
statistical model. This can be formulated as a probability
distribution as follows (c = 1 means�x is anomalous):

p(c = 1|�x) = 1 if p(�x)< α else 0 (15)

Cases below the threshold are unlikely to have been gener-
ated by the statistical model and therefore considered anoma-
lous. However, this can be seen as a binary classification
problem with two outcomes and where the probability p(�x)
is the single input to the classifier.

Generalizing from the above approach, we can transform
the problem into a statistical classification problem, where
instead a soft threshold is learned by training a probabilistic
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classifier using the output of the statistical model as input.
Thus, the statistical model is used to generate ferature to the
classifier. By fitting the non-anomalous data to a statistical
model and then fit a probabilistic classifier to the probabil-
ity distribution of the classifier, we get two advantages: (1)
the degree of anomaly is now measured as a probability (not
only yes or no), and (2) the threshold is part of the statis-
tical model and can be automatically learned. In addition,
by using the statistical model of non-anomalous cases for
feature generation, we also hypothesize that it will be eas-
ier to detect faults from unknown fault classes compared to
training a classifier directly on the original features. As sta-
tistical model of the normal data, we use a set of GMMs
and as a probabilistic classifier, we use logistic regression.
So, the GMMs are only trained on normal data while the
logistic regression is fitted on both anomalous and normal
data and thereby, automatically learns the thresholds for de-
ciding when a case is anomalous or not.

Normally, in case of anomaly detection, GMMs are fitted
to all features, while in our approach, the GMMs are fitted
to each feature independently of the other features. Thus,
each GMM can measure the anomalousness of each feature
independently of the others. Output is then a new feature
vector with the log-likelihood of each pair of feature value
and cluster. For instance, 5 signals where 5 features are ex-
tracted from each signal will result in 25 features in total. In
addition, fitting a GMM with 5 cluster components to each
extracted feature will result in a total of 125 log-likelihoods.
Thus, the GMMs can also be seen as a way of discretizing
the data into a vector of the same length as the number of
clusters with a value for each cluster. However, if there are
any dependencies between features, the logistic regression
will at least partially take that into account. Thus, the lo-
gistic regression uses the log-likelihood features to learn to
separate between normal and anomalous signals.

3.4. CASE-BASED REASONING (CBR)

Given that the anomaly detection module detects an anomaly,
we use CBR to make a diagnosis of the anomaly. CBR
makes the assumption that similar problems tend to have
similar solutions (Aamodt & Plaza, 1994). Thus, CBR as-
sumes that new solutions to a new problem can be con-
structed by retrieving a set of previous solution to similar
problems. The most commonly used CBR algorithm is the
k-nearest neighbor algorithm (Aha, Kibler, & Albeit, 1991).
Similar to our previous work, we use CBR, not only for
fault diagnosis, but also to support manual decisions by pre-
senting the set of most relevant cases (Leake & McSherry,
2005).

CBR, in contrast to model-based approaches, does not gen-
eralize into a model, but makes predictions directly from
the cases. Therefore, an advantage of using CBR compared

to model-based approaches is that, if the classification al-
gorithm does not propose a good solution, a CBR-based
approach can nevertheless support experts in finding a di-
agnosis by being able to retrieve and present the set of the
most relevant cases. Thereby, CBR can support manual de-
cision making in addition to automatic fault classification.

A CBR approach requires a measure of similarity between
cases, and as in our previous papers, we define the similar-
ity between two cases as how similarly they deviate from
the normal cases with respect to a statistical model. For
measuring the similarity between cases, we, as before, use
the symmetric Kullback-Leibler divergence (J-divergence)
(Kullback & Leibler, 1951). The J-divergence is a statisti-
cal measure for comparing the similarity between two prob-
ability distributions. For statistically modeling the normal
cases, we also as before fit a GMM to each feature inde-
pendent of the other features (Olsson, Gillblad, Funk, &
Xiong, 2014).

Subsequently, we compare two cases as the difference be-
tween the probabilities of the clusters given the cases. There-
fore, let�z be a vector with one cluster for each feature k =
1, ...,K then the J-divergence between two cases �xi, �x j with
respect to the distribution of�z is as follows:

J(�xi,�x j) = ∑
�z

log
p(�z|�xi)

p(�z|�x j)

(
p(�z|�xi)− p(�z|�x j)

)
=

K

∑
k=1

Z

∑
zk=1

log
p(zk|xk

i )

p(zk|xk
j))

(
p(zk|xk

i )− p(zk|xk
j)
)

≤
K

∑
k=1

Z

∑
zk=1

∣∣ log(p(xk
i |zk))− log(p(xk

j|zk))
∣∣

where p(�z|�xi) = p(z1|x1
i ) · p(z2|x2

i ) · . . . · p(zK |xK
i ) (assum-

ing independence of cluster zk given feature k and value

xk
i ) and p(zk|xk) =

p(xk|zk)pzk

p(xk)
and log p(�z|�xi)

p(�z|�x j)
= log p(�z|�xi) -

log p(�z|�x j). The less-than-equal is valid since log p(zk|xk
i ) -

log p(zk|xk
j) = log p(xk

i |zk) - log p(xk
j|zk) + log p(xk

j) -
log p(xk

i ) (last terms are independent of zk and thereby can-
celed out in the sum) and max(

∣∣p(zk|xk
i ) - )− p(zk|xk

j)
∣∣) =

1. Thus, from the J-divergence, we can derive, as an up-
per bound, the Manhattan distance with respect to the log-
likelihood of each cluster. As final metric for comparing
cases, we will use the Manhattan distance with normalized
and weighted log-likelihood features. The weights were
estimated using the average of the maximum information
coefficient (MIC) between the classes or severity and the
normalized features (Murphy, 2012). Then the resulting
metrics is as follows:

d(�xi,�x j) =
K

∑
k=1

Z

∑
zk=1

ωk
∣∣ log p(xk

i |zk)− log p(xk
j|zk)

∣∣
8
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Table 1. Kurtosis values when there is no clutch slippage

Diff.
Speed1

Diff.
Speed2

Output
Speed

Turbine
Speed

Turbine Torque

5.634 4.9055 5.6837 3.5152 3.5172

6.5279 5.8958 4.1985 4.3244 4.1297

7.1882 6.6851 4.4596 4.7167 5.1261

2.4357 2.2671 3.8482 1.8557 1.8729

where normalization and MIC are included in ωk for each
feature.

For making off-board fault classification, we would use the
k-nearest neighbor algorithm that makes a majority vote to
classify the anomalous cases, but where an anomalous case
is sent to manual investigation if the percentage of nearest
neighbors voting for the class is less than a threshold of
90%. Thus, we require at least 9 out of 10 neighbors to
be of the same class to accept it as the final classification.
For severity estimation, we use the average severity of the
retrieved set of cases.

4. RESULTS

4.1. Mean Square Value and Sliding Mean Square Value
filtering

With needle valve 2 alone fully opened the clutch hydraulic
system compensated for the leakage and no slippage was
observed. So, needle valve 2 was kept fully opened and
value 1 was opened gradually to give different degrees of
value opening indicating clutch slippage. In order to detect
slippage, the engagement part of the clutch 1 differential
speed signal for each gear shifts were passed through the
moving average square value filter. The averaging length
of 10 samples was used. After filtering, the absolute mean
square value of each differential speed signal was subtracted
from the filtered signal to clearly give an indication of slip-
page as presented in Fig. 5.

4.2. Higher order Statistics:Kurtosis

The kurtosis of the engagement part of each signal is esti-
mated and the results given in tables 1 and 2.

The results from the kurtosis values in tables 1 and 2 shows
a variation for the different signals for clutch slippage and
non-clutch slippage.

4.3. Detecting Anomalies

For evaluation of the anomaly detection, we have collected
389 cases of which 110 are fault cases with valve open-
ing 0-7 where 0 indicates a normal case and 7 indicates the
fault with the highest severity. In case of anomaly detec-

Table 2. Kurtosis values when there is clutch slippage

Diff.
Speed1

Diff.
Speed2

Output
Speed

Turbine
Speed

Turbine Torque

1.811 2.0128 3.2147 1.6865 1.7863

1.9542 2.0576 4.6225 1.8431 2.2753

1.6627 1.8836 3.8121 1.6731 1.8809

1.6541 1.7516 2.2406 1.6332 1.7420

1.7767 1.6713 2.8705 1.5620 1.7888

Table 3. The average precision (AP) for the clutch slip di-
agnosis.

Feature Type AP (3 features) AP (5 features)

Original features 0.934 0.926

BIC cluster 0.947 0.898

AP cluster (2 and 4) 0.925 0.923

tion, we assumed the two classes: normal (0 valve open-
ings) and anomalous (1-7 valve openings) cases. We fit-
ted the GMMs and the logistic regression 10 times on ran-
domly split data where the training data constituted 80%
of the normal data and 20% of the anomalous data and for
testing, we used the remaining data.1 When fitting the lo-
gistic regression, we also used l1 norm regularization with
5-fold cross-validation on the training data, and for man-
aging the imbalance between the classes in the data since
there are many more normal data points than anomalous, we
trained the logistic regression using a cost function where
the classes are weighted proportional to the size of each
class. The performance was measured using the Average
Precision score (AP) and the Precision-Recall curves (PRC)
(Saito & Rehmsmeier, 2015). The AP corresponds to the
area under the PRC.

In Table 3, the result from applying the anomaly detection
algorithm to a test set is shown. The signal features used in
the 3 feature set-up consists of the signal length, its mean
value and standard deviation. The signal features used in
the 5 features set up also included the kurtosis and the max-
imum of the sliding mean square value filtering of the clutch
1 differential speed signal. The meaning of each row is as
follows: Original features approach means that no cluster-
ing is done, and only the original 3 or 5 features were used.
BIC cluster approach refers to automatically selecting the
number of used clusters per features by testing the model fit
of the GMM to the data using the Bayesian Information Cri-
terion (BIC) measure (Schwarz et al., 1978). In contrast, the

1Recall from previous section that the GMM is fitted only to the normal
data, while logistic regression to both normal and anomalous data.
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Figure 5. The Sliding Mean Square value filtering of clutch 1 differential speed showing clutch slippage and non- clutch
slippage

AP cluster approach selects the number of clusters with the
largest AP for a validation set when using the same number
of clusters for every signal feature (the BIC cluster selects
a unique number of clusters per feature).

The results are shown Fig. 6 in form of PRC curves for
each approach to clustering.2 The further up to the right
the curves are, the better is the showed performance. The
curves look quite similar, but apparently, the best AP score
is 0.947 for the BIC cluster with 3 features. However, what
is striking is that the BIC cluster for 5 features has the worst
AP score of 0.898, while the difference between 3 or 5 fea-
tures in the other cases are small. Adding the two extra fea-
tures was bad for the BIC cluster, but the 5 features was also
worse in the two other cases, although only a little worse.
Regardless, the result shows that we are indeed able to de-
tect the oil leakage using the proposed approach. In the next
section, we will investigate the performance when we also
add diagnosis after the anomaly detection.

4.4. Case-based Prediction

For evaluation of the CBR diagnosis component, we have
used the same data set as for anomaly detection. How-
ever, since the data set only have a single type of fault but
with varying severity the evaluation can only be restricted

2Notice that the Recall is only approximately equal to zero when the Pre-
cision is approximately equal to one.

to severity estimation. In this evaluation, we diagnose the
output from the anomaly detection component, and thus,
false positives must be managed. In this case, since we
are testing the fault diagnosis and the anomaly detection in
combination, we increase the training data to include 50%
anomalous data but still with 80% normal data as when the
anomaly detection was evaluated. When training the CBR,
we have selected the number of neighbors using 10-fold
cross validation. In this case, the k-nearest neighbor algo-
rithm has to be trained using the same data as was used for
training the anomaly detection algorithm. However, it is not
straightforward whether to add all training cases or a sub-
set since there are more normal cases than the anomalous
cases. Thus, we tried three different ways of managing the
normal cases in the training set: (1) add all normal cases,
(2) add no normal cases, and (3) add only normal cases that
are misclassified by the anomaly detection module. Table
4 shows the average MSE of the test sets for the different
clustering approach. We only show for the 3 features set
up. As can be seen, the MSE is lowest for the second way
of managing the normal cases in the training set. Thus, in
this case, it is better to add no normal cases. However, this
will probably change as we get more cases. In Table 5, we
show the performance for the different valve openings and
the valve opening 1 had the least while 7 has the highest
error. We see a similar pattern for the mean absolute er-
ror. However, we can only conclude that it is really hard to
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Figure 6. Precision-Recall curves (PRC) for anomaly detection with Average Precision scores (AP) as point values.

Table 4. Result from running both anomaly detection and
CBR diagnosis measured in MSE, (1) all normal cases, (2)
no normal cases, and (3) only misclassified normal cases.

All (1) No (2) Miss. (3)

Original features 8.42 7.60 8.11

BIC cluster 8.54 7.56 8.12

AP cluster (6, 10, and 10) 8.32 7.52 7.75

predict the larger valve openings from the data.

To summarize the most important results, we find the use of
combining feature extraction, anomaly detection and CBR
as a useful framework for clutch slippage detection and di-
agnosis. Further, we have verified and extended previous
research into a framework usable for other sub-systems or
major components in heavy duty machines or construction
equipment.

5. DISCUSSIONS AND CONCLUSIONS

The main results of the study are a framework with feature
extraction and anomaly detection combined with CBR for
clutch slippage detection and diagnosis. The above results,
which are enabled by the use of on-board sensor technol-
ogy and distributed analytics through a DSMS and CQs,
demonstrates that clutch slippage patterns of the automatic

Table 5. Mean Absolute Error and Mean Square Error for
each valve opening

Valve Opening Mean Absolute
Error

Mean Squared
Error

0 0.044 0.044

1 0.0 0.0

2 1.0 1.0

3 2.11 4.55

4 3.0 9.0

5 4.21 17.9

6 5.19 27.1

7 6.03 36.4

transmission clutches in an actual heavy duty construction
equipment can be detected using a Moving Average Square
Value filter combined with a measure of the higher order
statistics, Kurtosis. It has also been established that the
clutch slippage patterns can further be diagnosed into dif-
ferent severity of fault cases, i.e. levels of valve openings,
using the anomaly detection module and case-based rea-
soning. However, we showed that detecting the presence
of valve openings is easy but to estimate the severity is not
easy. We also showed that fitting a GMM on each individual
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feature improved the anomaly detection but did not largely
affect the CBR performance. However, more data is needed
to draw any certain conclusions. The detection and diagno-
sis framework is of a general nature, and can be transferred
to other settings and machines - however, the specific data
collection and analysis methods applied may need to be ex-
changed for adequate ones fitting the context and specific
needs.

Regarding related future work, it would be interesting to
continue with monitoring the health of Automatic Trans-
mission Fluids (ATF) on-board via additional sensors at-
tached to the machine, since the oil has a lot of informa-
tion concerning the health of the automatic transmission
clutches (Fatima et al., 2012). In practical settings, to of-
fer customers a possibility to monitor a fleet of machines
with diagnostics for each machine may save both money
and time, as for instance potential clutch failures may be
predicted well in advance before they occur. Being able to
predict potential problems to a large extent allows for act-
ing in a proactive manner and planning the maintenance in-
stead of doing reactive maintenance when something has al-
ready occurred or broken down. Other components, which
are critical for the availability of the machine and its func-
tion, could further be monitored as well in order to improve
the customers’ productivity and the availability level of the
construction equipment. The data-driven approach, which
has been developed, is generic and can thus be applied to
other components other than the clutches. In this way, sev-
eral critical components on a machine can be continuously
monitored.

The result from this work may also be used to support new
and emerging business models, which for instance require
fleet management and monitoring to be able to predict prob-
lems and act proactively related to maintenance and long-
term management of operations. Offers based on these emerg-
ing business models may also be sold with availability, re-
sult or productivity clauses, requiring the provider to take
additional costs and manage additional responsibility and
risk - and consequently being compensated for that. Exam-
ples of such emerging business models are: Product-Service
Systems/Industrial Product-Service Systems (Meier, Roy,
& Seliger, 2008) and Functional Products (Lindström et
al., 2013). In order to stay ahead in the global competition
and meet the customers’ needs, it is required that corpora-
tions develop their core competences and customer offers.
To successfully develop core competences, technology and
customer offers, it is necessary to learn more on what is of-
fered, how it is used in the customer applications and how
to keep it operating exceeding the customers expectations.
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ing, BTH. Dr. Håkansson is a professor at the department of
Electrical Engineering (former Department of Signal Pro-
cessing), at BTH. Currently, he is the research director for
the signals systems sensors and remote engineering group,
S3 R, at BTH. His current research interests are in Signal
Analysis, Signal Processing, Adaptive Signal Processing,

Active Noise and Vibration Control, Automatic Control,
Remotely Controlled Laboratories, Analytical and Experi-
mental Modeling of Mechanical and Acoustic Systems. He
has a keen interest on developing new technology and his
research is generally in collaboration with industry, which
led to several patents. Lars Håkansson is a member of the
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ABSTRACT

As more features are added to the heavy duty construction
equipment, its complexity increases and early fault detection
of certain components becomes more challenging due to too
many fault codes generated when a failure occurs. Hence,
the need to complement the present onboard diagnostic meth-
ods with more sophisticated diagnostic methods for adequate
condition monitoring of the heavy duty construction equip-
ment in order to improve uptime. Major components of the
driveline (such as the gearbox, torque converter, bearings and
axles) are such components. Failure of these major compo-
nents of the driveline may results in the machine standing still
until a repair is scheduled.

In this paper, vibration based condition monitoring methods
are presented with the purpose to provide a diagnostic frame-
work possible to implement onboard for monitoring of criti-
cal driveline parts in order to reduce service cost and improve
uptime. For the development of this diagnostic framework,
sensor data from the gearbox, torque converter, bearings and
axles are considered. Further, the feature extraction of the

Källström Elisabeth et al. This is an open-access article distributed under the
terms of the Creative Commons Attribution 3.0 United States License, which
permits unrestricted use, distribution, and reproduction in any medium, pro-
vided the original author and source are credited.

data collected has been carried out using adequate signal pro-
cessing methods, which includes, Adaptive Line Enhancer,
Order Power Spectrum respectively. In addition, Bayesian
learning was utilized for adaptively learning of the extracted
features for deviation detection. Bayesian learning is a pow-
erful prediction method as it combines the prior information
with knowlegde measured to make update. The results indi-
cate that the vibration properties of the gearbox, torque con-
verter, bearings and axle are relevant for early fault detection
of the driveline. Furthermore, vibration provide information
about the internal features of these components for detecting
deviations from normal behavior.

In this way, the developed methods may be implemented on-
board for the continuous monitoring of these critical driveline
parts of the heavy duty construction equipment so that if their
health starts to degrade a service and/or repair may be sched-
uled well in advance of a potential failure and in that way the
downtime of a machine may be reduced and costly replace-
ments and repairs avoided.

1. INTRODUCTION

Being a competition business, the construction equipment busi-
ness tries to find new ways to increase customer satisfac-
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tion. An important way to achieve this is by reducing un-
wanted stops due to failure of critical mechanical compo-
nents of the driveline, for instance the gearbox, the torque
converter, the bearings and the axles. In the last decade, mon-
itoring of machinery with changing rotational speed has at-
tracted a lot of research contribution. In this section a re-
view of some of the previous research carried out with focus
on the Gearbox, Bearings, Axles and the Torque Converter.
In Fig. 1, the Wheel Loader and its driveline parts is illus-
trated. Randall (Randall, 2004a), discussed how different

Figure 1. The Wheel Loader and its Driveline Parts

faults (shaft speed faults, electric machine faults, gear faults,
bearing faults and reciprocating machine faults) reveal them-
selves in the vibration signature. He explained that the sig-
nal produced by gear is deterministic and also gear wear are
often noticed at the gear meshing frequency and its harmon-
ics (Randall, 2004a). Furthermore, gear wear are usually first
seen as an increase on the second harmonic of tooth mesh-
ing frequency, whereas localized faults are seen at other har-
monics of the rotational speeds for the gear on which they
are located (Randall, 2004a). Further, he added that local-
ized faults such as cracks and spalls tends to give a wide
range of harmonics and sidebands throughout the spectrum,
while slow changing faults gives stronger harmonics grouped
around zero frequency and as sidebands around the harmonics
of tooth mesh frequency (Randall, 2004a). Randall (Randall,
2004b) further discussed different analysis techniques that
have been proposed for diagnosing faults in rotating machin-
ery, such as synchronous averaging, order tracking, adaptive
noise cancellation, demodulation and envelope analysis. Fan
et al. (Fan & Zuo, 2006), proposed the use of Hilbert Trans-
form (HT) and Wavelet Packet Transform (WPT), an Enve-
lope time-frequency approach for the detection of gear faults.
They stated that WPT provided better frequency resolution
in the higher frequency region than the traditional Wavelet

Transform (Fan & Zuo, 2006). However, because the vi-
bration signal is not synchronized with the rotational speed
of the shaft, this may not be a suitable approach for a gear-
box with changing rotational speed due to spectral smearing
caused by speed fluctuation (Li & Ai, 2008). Li et al. (Li &
Ai, 2008), introduced and applied the Order Bi-Cepstrum to
gearbox fault diagnosis, a combination of order analysis and
bi-cepstrum technique. Even though, the order bi-ceptrum
revealed the bearing inner race fault, lots of other relevant in-
formation were lost (Li & Ai, 2008). Sawalhi et al. (Sawalhi
& Randall, 2008), presented a simulation model for a time-
varying gearbox test rig that allows different types of faults
to be implemented. They did this by modeling a complete
system of gears and shafts supported with time-varying, non-
linear stiffness bearing model (Sawalhi & Randall, 2008).
Furthermore, having compared the simulated faults with ex-
perimental localized fault signals using spectral comparisons,
Spectral Kurtosis (SK) and Envelope analysis and both sig-
nals gave similar results, they concluded that simulation mod-
els will be useful for producing fault signals from gearboxes
for testing new diagnostic algorithms (Sawalhi & Randall,
2008). He et al. (He & Li, 2011), presented a gearbox fault
detection method where they first filtered out periodic sig-
nal using an adaptive narrow-band interference cancellation
filter. They claimed that the gear periodic signal was an inter-
ference signal to the impulse signal of the damaged gear (He
& Li, 2011). However, since gear signals are periodic, fil-
tering out the periodic component removes the information
about which gear is damaged and thus information about gear
fault may be lost (Brandt, 2011; Randall, n.d.; Ho & Randall,
1997). Furthermore, bearing faults are stochastic and may be
extracted after removal of periodic component from the vi-
bration signal but not gear faults (Ho & Randall, 1997; Ran-
dall & Antoni, 2011). Hong et al. (Hong & Dhupia, 2014),
combined the Fast Dynamic Time Warping (Fast DTW) and
Correlated Kurtosis (CK) techniques for time domain moni-
toring of localized gear faults. Fast DTW extracts the periodic
impulse excitation caused by the faulty gear tooth and then
the extracted signal is resampled for further diagnostic anal-
ysis using CK (Hong & Dhupia, 2014). Furthermore, CK
identifies the local gear by taking advantage of the peridicity
of the gear faults, also this approach showed the degradation
level of the gear mesh stiffness (Hong & Dhupia, 2014). Guo
et al. (Guo, Wu, Na, & Fung, 2016), proposed an enve-
lope synchronous average scheme for multi-axis gear faults
detection using fast kurtogram algorithm. After which, the
extracted envelope signal was resampled to the order domain
synchronously averaged to both avoid spectral smearing and
remove random components (Guo et al., 2016).

Immovili et al. (Immovilli, Bellini, Rubini, & C., 2010) com-
pared the capability of using electric current and vibration
signals for bearing fault detection in induction machines. They
concluded that vibration signals are a robust indicator for de-
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tecting faults in a bearing provided a suitable signal analysis
method is utilized (Immovilli et al., 2010). Abdusslam et
al.(Abdusslam, Gu, & Ball, 2009) via a simple bearing test rig
analyzed vibration data for bearing fault detection using Fast
Fourier Transform (FFT) of the signal and an envelop analysis
of the signal. Further, the bearing test rig comprises of a 3-
phase electrical induction motor, a dynamic break, four shafts
connected by three flexible couplings, two bearing housings
and an amplifier (Abdusslam et al., 2009). They concluded
that the envelope analysis was more reliable in revealing the
faults (Abdusslam et al., 2009). Randall et al. (Randall &
Antoni, 2011) stated that bearing frequency components are
cyclostationary due to random slip which is dependent on
the ratio of the axial load to the radial load. After a review
of different techniques, Randall et al. (Randall & Antoni,
2011) recommended the envelope spectrum for bearing fault
detection. Brkovic et al. (Brkovic et al., 2017) utilized the
wavelet transform for ball bearing feature extraction. They
carried out this study using a simple experiment setup which
involves installing a ball bearing in a motor driven mechani-
cal system (Brkovic et al., 2017). The setup comprises of a
three-phase induction motor connected to a dynamometer and
a torque sensor, and an accelerometer attached to the motor
housing (Brkovic et al., 2017).

Huibin et al. (Huibin, Mengxi, Chengxia, & Bo, 2012) per-
formed an experimental study concerning noise identifica-
tion of the rear driving axle using theories and methods for
acoustic array measurements. They observed that the dom-
inating frequencies in the measured signal are related to the
gear meshing vibration (Huibin et al., 2012). Shao et al.
(Shao, Liang, Gu, Chen, & Ball, 2011) proposed a Radial
and Basis Function (RBF) and Back Propagation (BP) neural
networks as a fault and diagnosis procedure for rear axle gear
utilizing Root Mean Square (RMS) and Kurtosis features of
the measured vibration signals. Santacruz et al. (Santacruz
& Félix, 2014) described test points optimization process for
real-time vibration and frequency monitoring system on a dif-
ferential axle fixed rig using a field-programmable gate array
(FPGA), an online analysis data storage unit which locates
the strongest frequency components by computing frequency
spectrum. In addition to the FPGA, an offline program which
calculates the RMS and variance of the vibration in time do-
main and computes an histogram from the series with the
strongest frequency component is also utilized (Santacruz &
Félix, 2014). They reached a conclusion that the execution of
the test under a controlled platform yielded acceptable perfor-
mance with the axle shaft having the most intense vibration
based on the RMS value. However, they stated that the meth-
ods needs to be further validated (Santacruz & Félix, 2014).

Although, a lot of research has been performed in the moni-
toring of rotating machinery, an onboard vibration based mon-
itoring for Heavy duty construction equipment major driv-
eline parts (such as the torque converter, bearings, gearbox

and axles) seems to have been overlooked. In this paper, an
onboard vibration based deviation detection approach is pre-
sented for the monitoring of major components of the drive-
line in an heavy duty construction to enable early fault detec-
tion. Furthermore, with the overall goal of improving uptime,
increasing customer satisfaction, reducing warranty cost and
generating money for the company as this can be sold as an
added feature. This paper presents a vibration-based condi-
tion monitoring framework shown in Fig. 2 possible to im-
plement onboard the heavy duty construction equipment to
improve uptime.

Figure 2. The proposed onboard vibration-based condition
monitoring framework for transmission and axles

2. MATERIALS AND METHODS

2.1. Experimental Setup

A Volvo Construction Equipment L180H Wheel Loader was
used in the experiments. The machine was warmed-up before
the test cycles and the bucket was loaded with 8 tonnes of
gravel. The Volvo CE test track in Eskilstuna, Sweden, was
used in the experiments as driving track, using one driver and
similar driving style in all measurements. The measured pa-
rameters used in the investigation are the engine speed and the
torque converter vibration. The experiment was controlled
and an adequate number of recordings were made.

2.2. Measurement Equipment and Setup

The vibration signals were recorded using a LMS Scadas
SCR05 Data Acquisition system, sampling frequency 6400Hz,
connected to a triaxial accelerometers attached on the top side
of the torque converter housing as in Figure 6, two triaxial ac-
celerometers attached around the structure around the pinion

3
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Figure 3. L180H Wheel Loader with accelerometer attached
close to the Output Shaft of automatic transmission housing.

of the rear and front axle as in Figures 4 and 5 and one tri-
axial accelerometer attached around the output shaft from the
gearbox as in Figure 3.

In order to adequately measure vibrations of the torque con-
verter, a triaxial accelerometers were mounted as close as
possible to the torque converter as in Figure 6. The accelerom-
eter on the left side of the torque converter housing was mounted
using instant adhesive- Loctite 454 and the one on the top side
was mounted using magnet. The engine speed from the ma-
chine CAN-bus was logged synchronously with the vibration
data.

Figure 4. L180H Wheel Loader with accelerometer mounted
on the structure around the pinion of the rear axle.

2.3. Evaluation of the vibration of Driveline parts

The vibration properties of the drive-line may be investigated
with the aid of order analysis techniques, frequency domain,
time-frequency domain analysis, etc (Brandt, 2011). Order

Figure 5. L180H Wheel Loader with accelerometer mounted
on the structure around the pinion of the front axle.

Figure 6. L180H Wheel Loader with accelerometer attached
on the top side of the torque converter housing.

analysis techniques, usually referred to as order-tracking, and
are generally utilized in rotating machinery analysis where
the rotational speed changes over time. Furthermore, order
analysis techniques transform a non-stationary signal in the
time domain into a stationary signal in an angular domain
providing information about the vibration related to the chang-
ing rotational speed (Li & Ai, 2008; Junsheng, Yu, & Dejie,
2010).

Order analysis is carried out by first, synchronously resam-
pling the measured vibration based on the rotational speed
measured on an reference shaft (Brandt, 2011). In other words,
synchronous sampling adapts the sample rate of the vibra-
tion signal with the changing rotational speed of the refer-
ence shaft, thus, ensuring that the vibration is sampled at an
equal angle increment (Junsheng et al., 2010). Furthermore,
order analysis technique transforms a signals non-stationary
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components whose vibration frequencies are related to the ro-
tation speed in the time domain into stationary signal compo-
nents in the angular domain and thus provides information
about the vibration components related to the changing rota-
tional speed (Junsheng et al., 2010). In addition, this prevents
spectral smearing (Li & Ai, 2008). The synchronously resam-
pled samples of the vibration data are said to be in the order
or angle domain (Brandt, 2011). Thus, the synchronous sam-
pled vibration originating from rotating parts will basically
have a fixed number of samples per cycle and this number
is related to the rotational speed measure of the shaft. Syn-
chronously resampled signals may be analyzed using differ-
ent signal processing techniques.

It is important to note that bearings in an actual transmission
exhibits stochastic behavior with low frequencies (Randall
& Antoni, 2011; Giannakis, 1999). The measured vibration
data is a combination of the deterministic signal (gears, tur-
bine, impeller, stator etc) and the stochastic signal (Randall,
Sawalhi, & Coats, 2011).The deterministic part of the signal
tends to mask the bearing signal, hence the need to separate
the stochastic part from the deterministic part after the vi-
bration signal has been synchronously resampled to the order
domain (Brandt, 2011; Randall et al., 2011).

In this paper, an Adaptive Line Enhancer (ALE) filter which
is steered with a Recursive-Least-Squares (RLS) algorithm
was utilized to make this separation before further signal anal-
ysis is performed using the Order Power Spectrum and Bayesian
Learning.

2.3.1. Adaptive Line Enhancer

Adaptive filtering is based on a step by step adjustment of the
filter coefficients during the filtering operation, allowing the
tracking of slowly changing statistics of the input data (Proakis
& Manolakis, 2006; Haykin, 2014). To separate determin-
istic and stochastic vibration signal, an Adaptive Line En-
hancer (ALE) may be utilized (Ho & Randall, 1997; Widrow
& Stearns, 1985). An Adaptive Line Enhancer (ALE) is an
adaptive self-tuning filter where the input signal is a mixture
of a deterministic signal and uncorrelated stochastic signal
from one sensor (Widrow & Stearns, 1985; Haykin, 2014;
Ramli, Noor, & Samad, 2012). Furthermore, an ALE is capa-
ble of detecting extremely low-level sine waves in noise (Widrow
& Stearns, 1985). The Recursive-Least-Squares (RLS) adap-
tive algorithm is used in this thesis to steer th e ALE filter.
For adequate signal separation the time delay, filter order and
the convergence must be carefully selected based on the given
signal (Randall et al., 2011; Ho & Randall, 1997). The delay
of the ALE filter should be longer than the correlation length
of the random part of the signal (Randall et al., 2011; Ho &
Randall, 1997). The ALE is illustrated in figure 7 (Ho &
Randall, 1997; Widrow & Stearns, 1985).

When vibration is measured on a rotating machinery, the mea-

Figure 7. Adaptive Line Enhancer (ALE)

sured vibration data is a combination of the deterministic sig-
nal (gears, turbine, impeller, stator etc) and the stochastic sig-
nal (bearings) (Randall et al., 2011).The deterministic part of
the signal tends to mask the bearing signal, hence the need to
separate the stochastic part from the deterministic part after
the vibration signal has been synchronously resampled to the
order domain (Brandt, 2011; Randall et al., 2011).

2.4. Power Spectrum

In estimating spectral properties of a signal it is important to
select an appropriate scaling of the spectrum estimator (Harris,
1978; Bendat & Piersol, 2000). The spectrum estimates may
be scaled for either the tonal components of a signal -power
spectrum (PS) estimates- or the random part of a signal -
power spectral density (PSD) estimates- (Harris, 1978).

The Power Spectrum (PS) of a periodic sampled signal x(n)
is usually computed using the Welchś spectrum estimator (Andren,
Håkansson, Brandt, & Claesson, 1978). The Welch spectrum
estimate is obtained by averaging a number of periodograms.
Each periodogram is based on segments of a time sequence
x(n), each segment consisting of N samples (Welch, 1967).
Thus, the original time sequence of data must be divided into
data segments (Welch, 1967) The Welchś power spectrum
estimator is given by (Welch, 1967):

P̂PS
xx (fk) =

1

LNUPS

L−1∑
l=0

∣∣∣∣∣
N−1∑
n=0

xl(n)w(n)e
−j2πnk/N

∣∣∣∣∣
2

, fk =
k

N
Fs

(1)
where k = 0, ..., N/2, L is the number of periodograms, N is
the length of the periodogram, l is related to the overlapping
increment (usually 0 − 50% of the periodogram length), Fs
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the sampling frequency, w(n) is a suitable window and

UPS =
1

N
(

N−1∑
n=0

w(n))2 (2)

is the window-dependent magnitude normalisation factor.

Further, a one-sided PS contains the total power of the peri-
odic components of a signal in the frequency interval from
direct current (DC) to half of the Nyquist rate whereas a two-
sided PS contains the total power of the periodic components
in the frequency interval from -Nyquist rate to the Nyquist
rate.

2.5. Bayesian Learning

Bayes’ rule uses a prior belief of the evidence based on sub-
jective probabaility to make inference and decision (Hamada,
Wilson, Reese, & Martz, 2008; Gelman et al., 2014). Bayesian
Learning is a powerful tool for making prediction as it com-
bines prior information of a parameter available with knowl-
edge measured during an experiment to update the belief re-
garding the value of the parameter producing a result with a
narrower confident bound (Hamada et al., 2008; Gelman et
al., 2014). Furthermore, Bayesians utilize probability den-
sity to summarize the uncertainty of the value of a parameter
(Hamada et al., 2008). In Bayesian Learning, a probability
model is fitted to a set of data and a summarized result by a
probability distribution on the parameters in the model and
on the unobserved quantities is produced (Kruschke, 2015).
Bayes’ theorem utilizes the method of updating the probabil-
ity density function which represents the uncertainty about
the value of a parameter (Hamada et al., 2008). Bayes’ The-
orem may be produced as (Hamada et al., 2008):

p(θ|y) = f(y|θ)p(θ)
m(y)

, (3)

where

m(y) =

∫
f(y|θ)p(θ)dθ, (4)

and where p(θ|y) is known as the posterior density, p(θ) the
prior density, m(y) the marginal density of the data and f(y|θ)
the sampling density of the data which represents the likeli-
hood function.

3. RESULT

The result outlined are ALE, Order Power Spectrum and Bayesian
Learning of the measured vibration signal on the torque con-
verter, gearbox, axle and bearing. The stochastic part of the
vibration is related to the Gearbox bearings and the deter-
ministic part is related to the gears. The Order Power Spec-

trum better reveals the orders of the gears and bearings of the
gearbox. With Bayesian Learning the extracted features are
learned so as to identity a potential failure. In addition, the
Bayesian learning is updated for incoming vibration feature.
The likelihood is a measure of the order power spectrum from
measured vibration and the prior which is also an order power
spectrum estimate is updated with in coming vibration.

3.1. Torque Converter

The results outlined below are as a Order Power Spectrum
estimation and a Bayesian Learning estimate of the measured
vibration signal around the torque converter of the L180H
Wheel Loader.

Figure 8. Order Power Spectrum of the Torque Converter
Stochastic Signal.

Figure 9. Bayesian Learning of Torque Converter Stochastic
Signal.
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The orders 29, 27 and 13 and their harmonics correspond-
ing to the torque converter’s impeller, turbine and stator re-
spectively are seen on Figure 10. In addition, harmonics of
the order 29 which corresponds to the impeller are more pro-
nounced around order 87 on the order power spectrum.

Figure 10. Order Power Spectrum of the Torque Converter
Deterministic Signal.

Figure 11. Bayesian Learning of Torque Converter Determin-
istic Signal.

Monitoring the orders of the torque converter stochastic and
deterministic vibration onboard via Bayesian Learnings as
shown in Figures 9 and 11 respectively, may enable early fault
detection of transmission gears and bearings.

3.2. Gearbox

The stochastic part of the vibration is related to the Gearbox
bearings and the deterministic part is related to the gears. In-
formation related to the gearbox bearings are revealed in the
orders of the Order Power Spectrum of the stochastic part of
the gearbox vibration as shown in Figure 12.

Figure 12. Order Power Spectrum of the Gearbox Stochastic
Signal.

Figure 13. Bayesian Learning of of the Gearbox Stochastic
Signal.

he order spectrum of the deterministic part provide informa-
tion related to the engaged gears in the gearbox as shown in
Fig. 14. The Order Power Spectrum reveals the orders of
the gears and bearings of the gearbox. Monitoring the or-
ders of the stochastic and deterministic vibration onboard via
Bayesian Learnings as shown in Figures 13 and 15 respec-

7



INTERNATIONAL JOURNAL OF PROGNOSTICS AND HEALTH MANAGEMENT

tively, may enable early fault detection of transmission gears
and bearings.

Figure 14. Order Power Spectrum of the Gearbox Determin-
istic Signal.

Figure 15. Bayesian Learning of of the Gearbox Determinis-
tic Signal.

3.3. Axle

The Order Power Spectrum estimates of the measured vibra-
tion signal of the rear axles of the L180H Wheel Loader is
presented.The deterministic signal shows the orders 9 and its
harmonics corresponds to the order of the pinion of the axle.
The Order Power Spectrum of the rear axle vibration from
the accelerometer mounted on the x-direction as in Figure 18
shows that the order of the pinion may be observed around 9,
and its harmonics around 27, 45, 54, 81, 108.

Figure 16. Order Power Spectrum of the Rear Axle Stochastic
Signal from the accelerometer mounted on the x-direction

Figure 17. Bayesian Learning of the Rear Axle Stochastic
Signal

However, high peaks appear around order 86, 114, 143, 169
and 254. The stochastic signal of the vibration presented in
Fig. 16 is related to the bearings close to the rear axle pin-
ion. Further, the Bayesian Learning estimate of the rear axle
stochastic and deterministic signal is presented in Figures 17
and 19 respectively. onboard monitoring of the orders of the
stochastic and deterministic vibration of the axle would en-
able early deviation detection of the rear axle pinion and bear-
ings close to it.

8
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Figure 18. Order Power Spectrum of the Rear Axle Deter-
ministic Signal from the accelerometer mounted on the x-
direction.

Figure 19. Bayesian Learning of the Rear Axle deterministic
Signal

The individual results presented in sections3.1-3.3 can be com-
bined into a unified frame work for vibration-based onboard
monitoring of the torque converter, gearbox, bearings and
axles as shown in Fig.2. In this way, a combination of the
feature extraction method and Bayesian learning provide an
adaptive learning method for the monitoring of driveline parts
given the respective vibration signals and engine rotational
speed.

The developed vibration-based monitoring approach devel-
oped is generic for automatic transmission and axles of heavy
duty construction equipment and thus can be extended to other
machine variants of heavy duty equipment other than the L180H

Wheel Loader.

4. DISCUSSIONS AND CONCLUSIONS

A vibration based diagnosis framework for the monitoring
of major components of the driveline of the L180H Wheel
Loader have been presented. The driveline components stud-
ied includes the gearbox, the torque converter, the bearings
and the axles. The developed framework comprises of first
pre-processing of the measured vibration signal by synchronous
resampling to the order domain and a further separation of it
into deterministic and stochastic parts respectively using ALE
filter. Further analysis is carried out using Order Power Spec-
trum for feature extraction. In addition, Bayesian Learning is
used to adaptively learn the extracted features for deviation
detection.

The above results demonstrates that the vibration measured
on an actual heavy duty construction equipment contains in-
formation related to deviation detection and degradation of
critical components of the driveline such as the gearbox, torque
converter, bearings and axles.

Furthermore, continuous monitoring these features onboard
gives information about deviations from normal behavior. With
this deviation flags, maintenance can be scheduled well in ad-
vance before a major problem takes place. In addition, the
on-board condition monitoring approach which has been de-
veloped, is generic for automatic transmission and axles of
heavy duty construction equipment and thus can be extended
to other variants of Volvo CE heavy duty equipment other
than the variant studied.

In future work, on-board monitoring of the oil may also pro-
vide an indication of the gradual degradation of the respec-
tive driveline parts. In addition, it would be of interest to
consider monitoring of the cardan shaft via vibration sensors
on-board as this may enable early fault detection of a cardan
shaft. Practically, early fault prediction may save both money
and time for the customer, and thus increase customer sat-
isfaction. Being able to monitor, preferably on-line, critical
parts and components such as the torque converter, is a pre-
requisite for using result- or availability-based business mod-
els such as Industrial Product-Service Systems or Functional
Products (Meier, Roy, & Seliger, 2008; Lindström, Plank-
ina, Parida, & Karlsson, 2013). These business models are
becoming more interesting as additional services, software,
knowledge and know-how are added to product offers (Lindström
et al., 2013).
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