
 

 

 

 

 

A comparative study regarding 

weakly stationarity assumptions 

and time dependency 

Signal processing of vibrational loading and its 

influence on fatigue life. 

 

 

 

 

 

 

  

Authors:  Rikard Dahlman & Ebba Johansson 

Surpervisor LNU:   Lars Håkansson 

Surpervisor Volvo CE:   Magnus Andersson 

Examiner, LNU:  Lars Håkansson 

 

Course Code:   4MT31E  

 

Semester:   Spring 2018,  15 credits 

 

Linnaeus University, Faculty of Technology 

Department of Mechanical Engineering 



 

 

 



 

I 

Dahlman & Johansson 

 

Summary 

The growth of the infrastructure is a key step in the development of the 

civilization and earthmoving is an essential factor in this progress. Haulers are 

used for transportation of materials in various processes and their wide range 

of applications are sources of different loads that complicates the modelling 

of these machines. These vibrational loads affect the components in the 

machine and causes fatigue. The case of vibrational loading for haulers is one 

that has been simplified based on the idea that it satisfies the theory of weakly 

stationarity assumptions. To ensure a correct optimization of the haulers, 

stationarity tests must be performed to see the level of stationarity of the data. 

The aim of this thesis was to examine whether the data fulfilled the 

assumptions of weakly stationarity. These assumptions were the base of a time 

independent method which can be considered as a simplification. It was 

compared to two time dependent methods which were used to contribute to a 

better understanding of when each method had to be used. The uncertainty of 

the assumptions for which the time dependent method was based on led to the 

formulation of the hypothesis, which was constructed as: 

“The vibrational loading in articulated haulers will not fulfil the requirements 

of weakly stationarity assumptions. Since the weakly stationarity assumptions 

are not fulfilled, a time dependent method will be necessary to accurately 

depict the vibrational loading.” 

To investigate the hypothesis, relevant theory was collected and different 

methods were investigated. Suitable methods were chosen to enable a correct 

analysis of the data which made an investigation of the hypothesis possible. 

The analysis was limited to data that had already been collected, which 

increased the validity but eliminated any possibility of choosing the sampling 

frequency or the length of the sampled signals. Each signal was analysed by 

segmentation, identification and tested for weakly stationarity. Three different 

methods were used for calculating the fatigue life of a weld in a hauler, where 

two of the methods were time dependent. The fatigue life calculated with these 

two methods were compared to the other method which was time independent 

and based on an assumption of weakly stationarity. 

The time dependent methods resulted in a possible decrease in fatigue life of 

the investigated weld compared to the time independent method. The decrease 

in fatigue life was not large enough to warrant a change in method. The 

method which was considered to produce the most accurate results was also 

the most constrained as to the amount of data that fulfilled its requirements. 

Therefore, a conclusion was drawn that signals containing more data was 

necessary in order to achieve conclusive results of the fatigue life. The 

hypothesis was proven to be mostly true since a majority of the signals 

analysed were found to be piecewise weakly stationary.  
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Abstract 

Simplifications regarding calculations of fatigue life due to vibrational 

loading is based on weakly stationarity assumptions which is a time 

independent method. The hypothesis was based on the uncertainty of these 

assumptions. The aim of this study was to examine whether the analysed data 

fulfilled the assumptions of weakly stationarity. It was determined that the 

assumption was not valid for most signals and a comparison of time dependent 

methods should be performed to evaluate the difference compared with the 

time independent method.  

Two time dependent methods were constructed and implemented on the 

signals based on the results of performed stationarity tests. The result 

determined that a decrease in fatigue life of an investigated weld might occur 

for the two time dependent methods compared with the time independent 

method. The method which was considered to produce the most accurate 

results was also the most constrained as to the amount of data that fulfilled its 

requirements. A conclusion was drawn that signals containing more data was 

necessary to achieve conclusive results of the fatigue life. The hypothesis was 

proven to be mostly true since most of the analysed signals were found to be 

piecewise weakly stationary.  

 

Keywords:  Stationarity, Test for weakly stationarity, Reverse arrangements 

test, Runs test, Signal processing, Fatigue life, Time dependency, Piecewise 

weakly stationary. 
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1. Introduction 

In the introduction an understanding of the background, aim, purpose and 

limitations of the report are presented together with the hypothesis. 

1.1 Background 

The growth of the infrastructure is a key step in the development of the 

civilization and earthmoving is an essential factor in this progress. Clear 

ground is crucial to have a growing infrastructure. The material from the 

ground must be extracted and moved from one place to another to get an area 

cleared [1]. The processes related to excavating a quarry, tunnelling, building 

sites and mining are all processes that are producing a lot of material that 

needs to be transported. Articulated haulers are commonly used for the 

transportation of material in these processes. When earthmoving in quarries, 

articulated haulers are used to transport the material away from the site or to 

transport material that is needed to the site [2]. Since the machines that are 

used for these operations are continuously improved, it has led to a positive 

impact on the working environment and safety [3]. 

There exist many different machines on today’s market. Depending on how 

much material that should be transported, the machines vary in size, effect 

and dumping time [4]. The machines should have a high durability, without 

being over dimensioned. Since the market continuously grows, the machines 

need to be optimized in such a way that the requirements of durability are still 

fulfilled and at the same time produce the machines to the lowest cost possible 

[5]. Moreover, the growing market in combination with added exhaust 

emission regulations signifies the importance of fuel efficiency which is 

accomplished by weight optimization [6]. 

The wide range of applications that articulated haulers are used for gives 

different loads that complicates the modelling of the machines [7]. When any 

given component is constructed, its design and size are dependent on the loads 

and forces that were used as inputs for the calculations of the component. If 

the loads that are used are known to be a true representation of the real world, 

the safety factors that are used can be chosen to lower values which decreases 

the size and weight of the component [8]. However, it is rarely the case that 

the loads that are being used are indeed a strictly true representation of the 

real world when working with dynamic cases. When a component subjected 

to a complex load case is to be constructed, a compromise is usually made. 

The load is generally simplified and a somewhat larger safety factor is used, 

which is often based on empirical data [9]. Therefore, many machines are 

designed to have over dimensioned parts to be sure that the lifetime of the 

machines fulfils the requirements of the market.  
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To make the articulated haulers more productive, the components must be 

weight optimized to decrease the use of over dimensioned parts. The use of 

over dimensioned parts is in some cases originating from the fact that haulers 

are subjected to vibrational loading. These vibrational loads affects the 

components and causes fatigue. Volvo CE in Braås produces articulated 

haulers. They are implementing a Power Spectral Density analysis (PSD) 

together with a finite element analysis (FEA) to estimate the vibration 

response. This method is defined for signals fulfilling the weakly stationarity 

assumptions. If the PSD is estimated for data where the weakly stationarity 

assumption is not true, the result will not be correct. The outcome will not be 

a completely accurate result which might affect the estimated fatigue life of a 

product [10].    

1.2 Problem description 

Weight optimized haulers are desirable due to the associated benefits. The 

companies are always striving to produce the machines to a lower cost and 

still be a competitor to the other companies on the increasing market [5]. The 

users want the machines to have a high durability, be effective and reliable. 

These benefits are achieved by weight optimization. The optimization can be 

done by using a simplified method or a method that calculates a more accurate 

representation of the load case. A weight optimized product which is being 

affected by a random vibration load is likely to suffer a decreased fatigue life. 

Especially if the random vibrational loading is close to a natural frequency of 

the product [11]. 

The case of vibrational loading for haulers is one that has been simplified 

based on the idea that it satisfies the theory of weakly stationarity 

assumptions. By measuring the acceleration in all directions at all mounting 

points the load can be prescribed. The simplification that is made says that 

values such as mean and variance for the forces are time invariant. This means 

that the loads vary in a small amount compared to their magnitude. If this is 

not strictly true, the mean and variance might vary with time and the spectral 

load matrix must also vary with time. 

To optimize the haulers correctly, stationarity tests must be performed to see 

if the data is weakly stationary, piecewise weakly stationary or non-stationary. 

The differences between the time invariant method and the time dependent 

one, which must be used when the data is piecewise weakly or non-stationary, 

can be studied. By analysing the differences between the methods, the 

necessity of a time dependent method can be discussed and a conclusion 

regarding if that method is necessary can be reached. 
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1.3 Purpose & Aim 

The purpose of this thesis is to contribute to a better understanding of when a 

time dependent method for analysing vibrational loading must be used instead 

of a time independent method. 

The aim of this study is to check whether the vibrational loading in articulated 

haulers fulfils the theory of weakly stationarity assumptions. 

If this is shown not to be true a comparison of time dependent methods should 

be performed to evaluate the difference compared with the time independent 

method. The evaluation will be based on the fatigue life of a weld. 

1.4 Hypothesis 

The hypothesis was divided into two parts: 

I. The vibrational loading in articulated haulers will not fulfil the 

requirements of weakly stationarity assumptions.  

II. Since the weakly stationarity assumptions are not fulfilled, a time 

dependent method will be necessary to accurately depict the 

vibrational loading. 

1.5 Limitations 

Volvo CE have several types of machines and they are all varying in size and 

capacity. This study will be performed at Volvo CE and is therefore limited 

to their machines and data. The data will be limited to the already collected 

data from Volvo CE which means that no new data will be collected. The 

frequencies with the largest impact on fatigue life are all below 100 Hz. 

Therefore, the vibration data will be studied up to 100 Hz. The focus of the 

thesis is to determine the stationarity of the signals. Therefore, any 

calculations that are made in a post analysis of the signals will be based on 

Matlab code provided by Volvo CE, which might be altered to account for the 

findings from the stationarity tests. 

1.6 Reliability, validity and objectivity 

Validity can be described as how accurately the scientist measures the thing 

that should be measured. The reliability is dependent of a high validity. If 

there is no high validity, the reliability cannot be high. The reliability tells 

how reliable the study is, which means that other scientist should be able to 

get the same result with the given data [12]. The input data that will be used 

in this study is already collected by experienced workers at Volvo CE which 
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increases the validity. The data originates from the same machine, collected 

at two different points in time. The first time with the machine empty and the 

second time it was loaded. This means that a high internal validity can be 

reached since the data covers two different cases. The data will provide 

different loads and vibrations that occurs when the machine is empty and 

loaded, which are factors that will also contribute to an increased internal 

validity. The fact that the study will cover when a time dependent method 

must be used or when a simplified method can be used will make the external 

validity higher because this can be applicable on different machines and not 

only on haulers from Volvo CE.  

Furthermore, since the data that will be used is already collected by 

experienced engineers, the reliability is increased. This data will be used with 

an objective view and applied in Matlab. The use of Matlab will also 

contribute to a high reliability. A high objectivity is reached since the study is 

based on given data and no assumptions based on feelings must be used. The 

assumptions that is necessary will be based on engineering work and relevant 

theory. 
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2. Literature Review 

In this chapter previous studies will be presented in an effort to clarify the 

position and relevance of this thesis. 

When developing theories about stationarity, the graphs that include the 

collected data are a central tool in the process. In a study regarding stationary 

graph signals the signals were characterized by a power spectral density 

(PSD). This study was made on small to large graphs that included random 

data from pictures, meteorological datasets and face datasets. The study did 

not include data from vibrational tests. The conclusion was that on these types 

of data, stationarity could be applied but was not always completely accurate 

[13].  

The fatigue life of a structure while being submitted to variable loading is 

commonly estimated by use of the time domain methods or the frequency 

domain methods. The time domain methods work independently of the 

stationarity of the loading but is more computationally heavy. Therefore, it is 

common to use the frequency counting methods when analysing fatigue in 

structures due to vibrational loading. A study regarding experimental fatigue 

in flexible structures due to amplitude-modulated non-stationary excitation 

can be found in [14]. The study used experimental tests with generated 

signals, where some of the signals were set to various degrees of non-

stationarity. A specimen was submitted to the different signals and the 

response was recorded. The conclusion of the study was that if a signal was 

identified as non-stationary the fatigue life dropped significantly [14]. 

When it comes to vibration fatigue, structures often operate close to their 

natural frequencies and therefore the structure can be treated as a stationary 

case. In reality it is often a non-stationary case which is observed and gives a 

non-stationary response. Therefore, the assumptions that have been made 

while treating it as a stationary case may not be accurate. Due to this, studies 

about how these assumptions affect the fatigue life have been made. A 

comparative study of non-stationary and stationary cases is found in [11]. The 

study concludes that when the power spectral density was kept the same for 

comparisons of the stationary and non-stationary cases it could be shown that 

the fatigue life was affected negatively for the non-stationary cases [11]. 

Different versions of the Fourier transform are usually used for vibration 

signal processing where the signal is called stationary. It is however quite 

common for a signal to be nonstationary over time when dealing with 

vibration loading. It is therefore important to check for stationarity before 

further analysis is performed. Studies regarding the test methods of 

stationarity have been made. A study used the following four time frequency 

analysis methods. Short time Fourier transform, multitaper spectrograms, 

wavelet transform and S-transform to test the stationarity of a signal. The 

conclusion of the study was that for a frequency modulated signal a large 
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observation scale was beneficial and the multitaper spectrograms where most 

suitable for stationarity test of this type of signal. Furthermore, an amplitude 

modulated signal is best tested for stationarity by the S-transform method 

[15]. 

Today’s manufacturing industries have problems due to the vibrations that 

can occur when milling, cutting and boring in metals. Vibrations can occur in 

various types of machines that are used in these operations. One study 

focusing on the vibrations in a boring bar is found in [16]. The vibrations in a 

boring bar will give a dynamic response that is a time dependent process. This 

process exhibits non-linear behaviour. When the study was made, non-

stationary parameters were used and could not be affected by the 

experimenter. The study showed that the boring bar vibrations were non-

stationary and that the vibrations had to be treated by using a time dependent 

method. The study also investigated in which frequency domain the vibrations 

dominated, which was shown to be between 500 and 650 Hz [16].  
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3. Theory 

In this chapter, the relevant theories and definitions of the thesis will be 

presented. It begins with some general information of vibration analysis and 

the different kinds of data and continues with the calculation methods that will 

be used. 

3.1 Vibration analysis 

A displacement or a force which varies with time is classified as dynamic. 

The displacement of air changing the pressure at one’s eardrum or the force 

acting on the suspension of a motorcycle driving on a road are both examples 

of dynamic signals. The process of analysing these signals is called signal 

processing. Signal processing is a method of processing a signal from one 

form to another. The signals can be separated into different classes, such as 

deterministic and nondeterministic, where the latter one is more commonly 

known as random [17]. A mixture of these two classes might occur as a pure 

deterministic signal can be disturbed by some background noise making it 

more difficult to interpret [18]. When sampling signals it is important to 

sample at a high enough frequency so that the frequencies within the signal 

can be properly described but not with such a high frequency that the 

computing time for further calculations are increased. To navigate this and to 

choose a correct sampling frequency the Nyquist frequency is commonly used 

[17] [19]. It says that the relation between the sampling frequency 𝑓𝑠 and the 

Nyquist frequency 𝑓𝑁 is [17]: 

  
𝑓𝑠 > 2𝑓𝑁 ( 1 ) 

This means that the Nyquist frequency which is the largest measurable 

frequency in the signal is always smaller than half of the sampling frequency 

[20] [21]. 

3.1.1 General descriptions of various data 

Data is normally divided into two groups, deterministic and random data. 

Deterministic data is data that can be described with a function and accurately 

be predicted, for example the position of a body or the temperature of a liquid 

in a future state [19]. Random data is data that cannot be described with a 

function. A future state of the system cannot be predicted, these systems must 

instead be described with probabilities and statistics [17] [22].  

Classifying data as deterministic is not strictly true because no model can be 

completely accurate. However, it is equally true that no set of data can be 

completely random, because if there is enough knowledge of the mechanics 

of the system there might be a way to describe it mathematically. It is common 

to call data which is reproducible via experiments deterministic and if there is 



 

13 

Dahlman & Johansson 

 

no experiment that produces identical results the data will be called random 

[19] [23]. 

3.1.2 Deterministic data 

Deterministic data is defined as data for which there is a mathematical 

expression that describes the past, present and future [18]. The deterministic 

data is classified as periodic and non-periodic as can be seen in figure 3.1 a). 

Periodic data originates from a source with such conditions that the vibrations 

can be de described with a sine wave also known as sinusoidal. Examples of 

such data is an engine running at a specific rpm or a turbine, an example of 

sinusoidal data is shown in figure 3.1 b) [24].  

 

 

figure 3.1 a) - Deterministic data. figure 3.1 b) - Example of Sinusoidal data. 

The non-periodic data is divided into almost-periodic data and transient data. 

Almost periodic data is usually formed by two or more sine waves with 

different frequencies, the example in figure 3.2 a) shows such data. The 

almost-periodic data is the result of when two or more unrelated sources of 

vibration interacts. For example, an airplane with multiple engines working 

out of synch. Transient data forms a signal which normally has a short lifespan 

and can be considered as a single entity with a finite amount of energy [24]. 

An example of transient data is shown in figure 3.2 b). 

 

Deterministic

Periodic

Sinusoidal

Nonperiodic

Almost-
periodic

Transient
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figure 3.2 a) - Example of Non-periodic data. figure 3.2 b) - Example of Transient data. 

3.1.3 Random data 

Random data is data for which there is no function that can describe it. The 

results of each measurement will be random, and the random data is classified 

as either stationary or nonstationary which can be seen in figure 3.3.  

 

figure 3.3 – Random data. 

A random event can be described by a sample function which is a time history 

depicting the event. If all possible sample functions from the random event 

are collected they will form a random process also known as a stochastic 

process. A collection of sample functions is also known as an ensemble 

commonly denoted as {𝑥𝑘(𝑡)}, where the index k is the sample space for the 

possible number of experiments [19].  

Depending on its statistical properties random data can in some cases be said 

to be stationary [17] [25]. Stationary random data can be divided into weakly 

and strongly stationary also known as wide sense stationary and strict sense 

stationary. A weakly stationary random process is defined as having a mean 

value that is independent of time and an autocorrelation function which is only 

Random

Stationary

Ergodic

Nonergodic

Weakly 
stationary

Nonstationary
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dependent on τ. Both the mean values and autocorrelation functions are 

described more thoroughly in chapters 3.4 and 3.5. Strongly stationary is 

simply the same as stationary which means that all statistical properties, such 

as higher order moments are independent of time [19] [23] [25].  

Furthermore, the stationary data can be divided into ergodic and nonergodic. 

Stationary data is ergodic when the statistical properties of any sample 

functions are the same independent of the chosen time interval and k for which 

it is evaluated [17] [23]. For the case of an ergodic stationary random 

processes, it is true that the single sample function 𝑥𝑘(𝑡) is able to accurately 

represent the entire ensemble of the random process {𝑥𝑘(𝑡)}. This is due to 

the statistical properties being the same independently of the chosen time 

interval and k. Hence, nonergodic stationary data do not display the same 

statistical properties independent of the time interval [19] [24].  

Non-stationary data is all random data that does not fulfil the requirements of 

stationarity and commonly occur when the conditions for the test are varying 

with time [26]. Examples of stationary and non-stationary random signals are 

shown in figures 3.4 a) and b). 

  

figure 3.4 a) - Example of stationary random data. figure 3.4 b) - Example of non-stationary random 

data. 

3.2 Fourier transform 

The Fourier transform is used to change a signal from being represented in 

the time domain into being represented in the frequency domain [23] [27]. 

The Fourier transform, X(f) is a function of frequency with complex values 

based on a quantity x(t) and is calculated as [23]: 

 
𝑋(𝑓) = ∫ 𝑥(𝑡)𝑒−𝑗2𝜋𝑓𝑡𝑑𝑡

∞

−∞

 ( 2 ) 

Where j is the imaginary number, f is the frequency and t is the time. However, 

in reality, it is only possible to perform computations on a finite number of 
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data represented with a finite word length and having a finite time duration. 

The finite range Fourier transform is similar to eq.( 2 ), the difference being a 

restriction on the limits of the integral to a range [0, T]. It follows that the 

finite range Fourier transform is calculated as follows [17] [19]: 

 

𝑋(𝑓, 𝑇) = ∫ 𝑥(𝑡)𝑒−𝑗2𝜋𝑓𝑡𝑑𝑡
𝑇

0

 ( 3 ) 

Where T is the time of the measurement. The requirements of a finite number 

of data represented with a finite word length in reality leads to the discrete 

fourier transform, discussed in next subsection. 

3.2.1 Discrete Fourier Transform (DFT) 

A signal may be sampled at N discrete times with a constant sampling time 

interval Ts to produce a Nyquist frequency of adequate magnitude. This yields 

a discrete-time signal described by N samples, the integral in the Fourier 

transform is consequently replaced by a sum and the variable t, which is 

continuous over the interval [0, T] is replaced by the discrete time n. If the 

frequency is a discretized and normalised as k /N the following expression 

may be produced [24]: 

 

𝑋(𝑘) = ∑ 𝑥(𝑛)𝑒−𝑗
2𝜋𝑘𝑛
𝑁    𝑘 = 0,1,2, … ,𝑁 − 1

𝑁−1

𝑛=0

 

 

( 4 ) 

The frequency f is related to the normalized frequency k/N as 𝑓 = 𝑘𝐹𝑠 𝑁⁄  

where Fs is the sampling frequency, 𝐹𝑠 = 1 𝑇𝑠⁄  .This is known as the discrete 

Fourier transform (DFT) [19] [20] [21]. 

3.2.2 Fast Fourier Transform (FFT) 

One of the most important issues in signal processing is the computation cost 

of an algorithm because it relates to the hardware cost. If this can be reduced 

by use of alternative methods, more data can be processed in a shorter time. 

To calculate all terms of 𝑋(𝑘) involves approximately N2 complex 

multiplication and addition operations. One alternative method which is a less 

computationally heavy alternative to the DFT is the Fast Fourier Transform, 

(FFT) [24] [27].   

FFT consists of several alternative ways of computing the DFT, many of 

which are utilizing the symmetry in the exponential term from eq.( 4 ) [23] 

[27]. This reduce the computation time substantially and the number of 

multiplication operations required drops from N2 to Nlog2(N) [21] [28]. The 

amount of time that is saved grows rapidly as N increases. For the early 

versions of FFT, N had to be a power of 2, that is N=2p. However, as more 
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complex modern versions of FFT has been developed this is no longer 

required, but it is still a common choice [18]. 

3.3 Statistical moments  

This subsection introduces the statistical moments that are of relevant in this 

work. Their mathematical definitions and the corresponding expressions for 

the estimation of them are considered and only equations defined for weakly 

stationary stochastic processes and stationary stochastic processes are given.  

3.3.1 Mean  

The first moment of a sampled random signal x(n) is given by its mean value, 

which is commonly denoted as 𝜇𝑥 or 𝑚𝑥. The true mean value is calculated 

as [29]: 

 
𝑚𝑥 = 𝐸[𝑥(𝑛)] = ∫ 𝑥𝑝𝑥(𝑛)(𝑥)𝑑𝑥

∞

−∞

 ( 5 ) 

Where x(n) is a discrete-time sample function and E[] is the expectation 

operator and px(n) is the first-order probability density function. The 

expectation is a mathematical operation for producing the average or mean of 

a random variable [29] [30]. However, a probability function is rarely 

available in reality [19]. Therefore, a mean value for a signal must generally 

be estimated with the aid of a time average assuming that the signal is first 

order ergodic. An estimate of a signals mean value based on N samples may 

be produced as [29]: 

 

�̂�𝑥 =
1

𝑁
∑ 𝑥(𝑛)

𝑁−1

𝑛=0

 ( 6 ) 

Where x(n) is the n-th sample of stochastic process. 

3.3.2 Variance 

Similar to the mean, the true variance is calculated as [19]: 

 
𝐸[(𝑥(𝑛) − 𝑚𝑥)

2] = ∫ (𝑥 −𝑚𝑥)
2𝑝𝑥(𝑛)(𝑥)𝑑𝑥

∞

−∞

= 𝜎𝑥
2 ( 7 ) 

The variance will be centred about the signals mean value and its positive 

square root is known as the standard deviation [17]. As for the mean square, 

the true variance is unavailable, and for that reason, an estimate is used 

instead. An estimate of a signal’s variance, assuming it is second-order 

ergodic, may be produced with the aid of time average as [19]: 
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�̂�𝑥
2 =

1

𝑁 − 1
∑(𝑥(𝑛) − �̂�)2
𝑁−1

𝑛=0

 ( 8 ) 

Where �̂� is the estimate of the mean and N is the number of samples [19]. 

3.3.3 Mean square 

The mean square value is the sum of the squared of mean value and the 

variance. The true mean square value is commonly denoted as 𝜓𝑥
2 and can be 

calculated as [19]: 

 
𝐸[𝑥2(𝑛)] = ∫ 𝑥2𝑝𝑥(𝑛)(𝑥)𝑑𝑥

∞

−∞

= 𝜓𝑥
2 ( 9 ) 

The mean square is the expectation of the square of the random variable 𝑥(𝑛). 
The integral will calculate the values for the square of x weighted with the 

probability density function px(n)(x), which is a measure of the likelihood for 

the occurrence of 𝑥(𝑘) at a specific point in time [19]. The root mean square 

(RMS) value is then defined as the positive square root of 𝜓𝑥
2 [17].  

In reality, a signal will consist of a finite number of samples. An estimate of 

the mean square value for a sample of size N can be calculated as follows [19]: 

 

�̂�𝑥
2 =

1

𝑁
∑ 𝑥2(𝑛)

𝑁−1

𝑛=0

 ( 10 ) 

The Greek letter 𝜓 and 𝜎 have been chosen as notations for the RMS value 

and the standard derivation respectively in an effort to make the distinctions 

clearer. As discussed previously the true mean square value is theoretically 

calculated as [19]: 

 𝜓𝑥
2 = 𝜎𝑥

2 +𝑚𝑥
2 ( 11 ) 

However, the exact values for the variance and mean value are rarely 

obtainable in the real world. Therefore, their respective estimates are used 

according to [19]: 

 �̂�𝑥
2 = �̂�𝑥

2 + �̂�𝑥
2
 ( 12 ) 

3.3.4 Kurtosis 

The kurtosis is based on the fourth-order central moment and the second-order 

central moment or variance. It may be used to measure the similarity between 

a probability density for a time series and the normal distribution N(0,1) with 
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regards to the weight at the tails [31]. The kurtosis of the standard normal 

distribution is three. It is therefore common practice to subtract the calculated 

value by three, which results in the excess kurtosis. Even though the excess 

kurtosis is calculated, the term kurtosis will be used throughout the thesis. If 

a kurtosis value that is greater than zero is calculated for a signal it will have 

a probability density with more pronounced tails as compared to a normal 

distribution. On the other hand, and if the kurtosis value that is greater than 

zero is calculated for a signal it will have a probability density with less 

pronounced tails as compare to a normal distribution. The true (excess) 

kurtosis is calculated as [18]: 

 
𝜅 =

𝐸[𝑥(𝑛) − 𝑚�̂�]
4

(𝐸[𝑥(𝑛) −𝑚�̂�]
2)2
− 3 ( 13 ) 

The corresponding estimate of the kurtosis based on time averages of a signal 

is given by [31]:  

 

𝜅 =

1
𝑁
∑ (𝑥(𝑛) − 𝑚�̂�)

4𝑁−1
𝑛=0

[
1
𝑁
∑ (𝑥(𝑛) − 𝑚�̂�)

2𝑁−1
𝑛=0 ]

2 − 3 ( 14 ) 

3.4 Autocorrelation function 

The autocorrelation function provides information regarding the extent of the 

correlation between signal samples of a signal at different times. Thus, when 

calculating an autocorrelation function, a random process is studied at two 

different points in time, t and (𝑡 + 𝜏). The autocorrelation function for a 

weakly stationary stochastic process is defined as [19]: 

 𝑟𝑥𝑥(𝜏) = 𝐸[𝑥𝑘(𝑡)𝑥𝑘(𝑡 + 𝜏)] ( 15 ) 

This yields the expectation for the product of a signal and its time shifted 

version. The normalized autocorrelation function, 𝑟𝑥𝑥(𝜏)/𝑟𝑥𝑥(0), will always 

start with a value of 1 when the time delay 𝜏 is zero because the signal is 

compared with itself without a time delay. If the autocorrelation function for 

a signal assumes a value of zero at time delay 𝜏, it means that the signal and 

its time-shifted version are not correlate at all.  

The definition of stationarity states that if a stochastic process is stationary its 

autocorrelation function must be independent of t. Therefore, the 

autocorrelation function will only depend on the time difference 𝜏 between 

the signal samples and not their absolute time [19]. If time averages can be 

used to produce consistent estimates of the mean value and the autocorrelation 

function of a stochastic process then the process is weakly ergodic and the 

autocorrelation function is estimated for different realisations of a random 

process with time averages then these averages will result in identical 

estimates when the averaging time approach infinity. The autocorrelation 
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function of a weakly ergodic stochastic process may be estimated according 

to [19]: 

𝑟𝑥𝑥(𝜏𝑑) =
1

𝑁
∑ x(𝑛)𝑥(𝑛 + 𝜏𝑑),

𝑁−1−𝜏

𝑛=0

 𝜏𝑑 ≥ 0 

 

( 16 ) 

Since:  

𝑟𝑥𝑥(𝜏𝑑) = 𝑟𝑥𝑥(−𝜏𝑑) ( 17 ) 

Here d is the time delay in discrete-time. 

3.5 Power Spectral Density (PSD) & Power Spectrum (PS) 

The Power Spectral Density (PSD) for a stationary stochastic process 

represents how its power is distributed as a function of frequency. The 

production of a PSD for a stochastic process or random signal may basically 

be described as: The signal is divided into a large number of adjacent non-

overlapping narrow frequency intervals with the same width and the mean 

square value is computed for each frequency interval and normalised with the 

width of the frequency interval. The total mean square value for a random 

signal is the same as the total area under its PSD [19]. If a specific frequency 

range should be studied, the partial area under the PSD for the chosen range 

will represent the mean square value of the signal for the selected frequency 

interval. The power spectral density for a weakly stationary stochastic process 

is defined by the Fourier transform of the autocorrelation function for the 

stochastic process, according to [19]: 

𝑆𝑥𝑥(𝑓) = ∫ 𝑟𝑥𝑥(𝜏)
∞

−∞

𝑒−𝑗2𝜋𝑓𝑡𝑑𝜏,−∞ < 𝑓 <  ∞ ( 18 ) 

 

Where Sxx(f) is the two-sided PSD [19] [22] [25]. If a stochastic process is 

weakly ergodic, the single-sided PSD may be conveniently estimated with the 

aid of Welch’s spectrum estimator[]. By dividing a signal x(n) into L adjacent 

or 50% overlapping signal segments with length N samples, xl(n), the Welch’s 

power spectral density estimate may be produced as [32]: 

�̂�𝑥𝑥
𝑃𝑆𝐷(𝑓𝑘) =

2

𝐹𝑠𝐿𝑁𝑈𝑃𝑆𝐷
∑|∑𝑥𝑙(𝑛)𝑤(𝑛)𝑒

−𝑗2𝜋𝑛𝑘/𝑁

𝑁−1

𝑛=0

|

2

, 𝑓𝑘 =
𝑘

𝑁

𝐿

𝑙=1

𝐹𝑠 ( 19 ) 
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Where 𝑘 = 0,1, … ,𝑁 − 1, L is the number of periodograms, N is the block 

length or length of the periodogram, w(n) is the data window and UPSD is the 

window-dependent effective analysis bandwidth factor that is defined as [19]: 

𝑈𝑃𝑆𝐷 =
1

𝑁
∑w2(𝑛) 

𝑁−1

𝑛=0

 

 

( 20 ) 

 

Similar to the PSD a single-sided power spectrum (PS) estimate may also be 

calculated with the aid of Welch’s spectrum estimator, according to [19]: 

�̂�𝑥𝑥
𝑃𝑆(𝑓𝑘) =

2

𝐿𝑁𝑈𝑃𝑆
∑|∑𝑥𝑙(𝑛)𝑤(𝑛)𝑒

−𝑗2𝜋𝑛𝑘/𝑁

𝑁−1

𝑛=0

|

2

, 𝑓𝑘 =
𝑘

𝑁

𝐿

𝑙=1

𝐹𝑠 

 

( 21 ) 

Where UPS is the window-dependent magnitude normalisation, defined as 

[19]: 

𝑈𝑃𝑆𝐷 =
1

𝑁
(∑w(𝑛) 

𝑁−1

𝑛=0

)

2

 ( 22 ) 

 

If the unit of a signal x(n) is m/s2 then the unit of the PSD for the signal is 

(m/s2)2/Hz and the unit of the PS for the signal is (m/s2)2. 

3.6 Definition of errors 

All calculations with estimates are subjected to errors. In the estimation 

process, there are two major errors which will affect the power spectral 

density, these are the bias error and the random error. The cause and 

connection between these two types of error will be explained below. 

3.6.1 Bias error 

When estimating power spectral density a bias error is generally introduced 

because the DFT in the PSD estimator is usually carried out on signal 

segments and this will introduce bias errors in the spectrum estimate. The 

effect of a signal segment is picked out from a time series is generally 

controlled to a certain extent by multiplying the segment with an adequate 
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data window w(n) of the same length as the signal segment. A bias error is a 

systematic error that will have the same magnitude and direction in all 

analyses. A data window w(n) has a equivalent noise bandwidth Be that 

depend on window type and window length. It is also known that each 

frequency fk in a power spectral density estimate is an average of the actual 

power spectral density over the approximated frequency range [𝑓𝑘 −
𝐵𝑒

2
, 𝑓𝑘 +

𝐵𝑒

2
]. A rectangular window has the equivalent noise bandwidth 𝐵𝑒 = ∆𝑓, and 

a hanning window has the equivalent noise bandwidth 𝐵𝑒 = 1,5 ∗ ∆𝑓, where 

∆𝑓 =  
𝐹𝑠

𝑁
. Fs is the sampling frequency and N is the block length in samples 

[19]. 

Furthermore, for the response of a lightly damped system the normalized bias 

error in a power spectral density estimate at a resonance peak in the spectrum 

estimate of the response is approximate given by [19]: 

ϵb ≈ −
1

3
(
Be
Br
)
2

 ( 23 ) 

Where 𝜖𝑏 is the normalized bias error, Be is the equivalent noise bandwidth 

and Br is the half power bandwidth or 3dB bandwidth of the resonance peak 

in the PSD the normalized bias error is estimated for. Generally, the sharpest 

resonance peak, with the smallest bandwidth, is considered because it is at 

this peak the largest bias error is introduced. 

The 3dB bandwidth for a resonance peak in a vibration spectrum for a lightly 

damped system is given by [19]: 

𝐵𝑟 = 2𝜉𝑓𝑟 ( 24 ) 

Where the relative damping is estimated as [19]: 

ξ =
fb − fa
2fr

 ( 25 ) 

Where fa is the lower 3dB frequency of the peak in the spectrum and fb is the 

higher 3dB frequency of the peak. Consequently, the bandwidth for the 

resonance peak is given by [19]: 
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Br = fb − fa ( 26 ) 

3.6.2 Random error 

A power spectral density estimated for a random signal will have stochastic 

properties and thus have a random error. If the Welch’s spectrum estimator is 

used the random error is basically dependent on the number of uncorrelated 

periodograms that have been averaged in the production of the length T is 

considered and it is related to the block length N, number of non-overlapping 

averages L and is the sampling time interval Ts as [19]: 

𝑇 ≈ 𝐿𝑁𝑇𝑆 ( 27 ) 

The normalised random error for power spectral density estimated is 

approximately given by [19]: 

ϵr ≈
1

√L
 ( 28 ) 

Here L is the number of non-overlapping averages used for producing the 

power spectral density estimate with the aid of the Welch’s spectrum 

estimator. If 50% overlapping if used in combination with a hanning window 

the normalised random error for a power spectral density estimate produced 

with the aid of the Welch’s spectrum estimator would approximately be [19]: 

𝜖𝑟 ≈
1

√1.89𝐿
 

 

( 29 ) 

Observe, L is the number of non-overlapping segments. Hence, for a finite 

sample record with the length T the selection of block length N and the 

number of averages L will result in a compromise between the normalised 

bias and the normalised random error. 
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3.6.3 Total error 

By combining the bias and random errors the total error of a power spectral 

density estimate can be calculated as [19]: 

 

𝜖𝑡𝑜𝑡 = √𝜖𝑟
2 + 𝜖𝑏

2 = √[
1

√𝐵𝑒𝑇𝑒
]

2

+ [−
1

3
(
𝐵𝑒
𝐵𝑟
)
2

]

2

 ( 30 ) 

Where 𝜖𝑟 is the random error and 𝜖𝑏 is the bias error of the estimate [19]. This 

expression can be further simplified as [19]: 

 

𝜖𝑡𝑜𝑡 = √
1

𝐵𝑒𝑇𝑒
+
1

9
(
𝐵𝑒
2𝜉𝑓𝑟

)
4

 ( 31 ) 

Where the respective squares have been developed and 𝐵𝑟 has been 

exchanged for 2𝜉𝑓𝑟, which is valid for 𝜉 ≤ 0.1 [19]. It should be noted that 

the resolution bandwidth 𝐵𝑒 effects both the random and bias errors. A larger 

𝐵𝑒 is sought to decrease the random error at the same time as a small 𝐵𝑒 would 

decrease the effects of the bias [19]. A total error of, 𝜖tot ≤ 0.15 can be 

considered to produce an estimate of the power spectral density with 

satisfactory accuracy. 

3.7 Butterworth notch filter 

A filter is constructed to change the properties of a signal. The most common 

mission for a filter is to pass through a signal in a certain frequencies range 

while blocking the signal at other frequencies. Filters can be divided into 

several groups depending on which frequencies that are supposed to be 

blocked or passed through. These groups are: low pass- (LP), high pass- (HP), 

band pass- (BP), notch-, and all-pass- (AP) filter. A notch filter is supposed 

to attenuate or remove one specific frequency of a signal [33].  The amplitude 

function for a Butterworth low pass filter can be derived as: 

 

𝐴(𝑓) =
1

√1 + (
𝑓
𝑓0
)2𝑛

 ( 32 ) 

where n is the filter order and 𝑓0 is the cut off frequency [34]. The damping 

that the filter provides is defined as  

 
𝛼(𝑓) = −20𝑙𝑜𝑔10(𝐴(𝑓)) ( 33 ) 
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The attenuation introduced to a signal by the filter is great where the amplitude 

function is low. For instance, for a low-pass filter, the frequency range where 

a signal pass through the filter without any attenuation is called passband and 

the frequency range where the signal is attenuated substantially is called 

stopband. There is always a transition area between the passband and the 

stopband areas. The transition area is desirable to be as small as possible [33].  

3.8 Fatigue 

A machine component may be subjected to a static load level for which it will 

not break. However, if the same component is subjected to a time-varying 

load with an amplitude that equals the load level in the static case, the 

component might fail after a certain time because of fatigue [35]. In other 

words, a load significantly lower than the yield strength of the material can 

result in a failure. Dynamic loads that have low amplitude in relation to the 

yield strength of a material requires a large number of cycles to cause fatigue 

as compared to loads that have an amplitude closer to the yield strength of a 

material.The closer the amplitude of a cyclic load of a material is th the 

material yields strength the more damage is caused to the material. An 

example of a load with an amplitude below the yield strength is shown in 

figure 3.5. 

 

figure 3.5 – Illustration of sinusoidal stress, solid line, with an amplitude below the yield 

strength, dashed lines. 

The cyclic loads were basically treated in the same way as the static ones until 

the middle of the 20th century, with slightly greater safety factors. Fatigue of 

a material is usually caused due to microscopic cracks in an area of high stress. 

Repeated loading of the material will cause the cracks to grow and the stress 

concentrations in the material increases and a vicious cycle will start a 

component failure [9].  
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Thus, microscopic cracks are often the cause of fatigue. However, it is also 

important to consider keyways, threads and even corrosion concerning their 

possible negative effects regarding fatigue. It is not possible to perform 

fatigue tests for each case that might occur, it is therefore common to rely on 

empirical data that have been collected over the years, for different load cases 

for various kinds of materials. Most pitfalls can be avoided by considering 

fatigue already in the design process by calculating the lifetime of the machine 

parts and also by using a safety factor [9]. 

A commonly used tool in fatigue calculations is the Wöhler curve which is 

also known as an S-N curve. The curve is usually plotted in a log-log diagram 

with the amplitude of the cyclic tension in [MPa] along the y-axis and the 

number of cycles [N] along the x-axis. A curve is formed describing the 

number of cycles a specific material can survive at a certain load. Due to both 

axes having a logarithmic scale the curve will consist of two almost straight 

parts. The first part describes the ultimate strength the material can sustain for 

a small number of cycles, usually up to a few thousand cycles. The curve 

continues with a steeper decline and finally levels out at the load for which 

the material has reached its endurance limit. This means that the material will 

endure loads at this level or lower for any number of cycles [9] [35]. An 

example of a Wöhler curve is shown in figure 3.6. 

 

figure 3.6 –Wöhler curve. 

Fatigue analysis is supported in both the time domain and the frequency 

domain. In the time domain the rainflow counting method is most commonly 

used [23]. For random signals it is preferable to use an approach based on 

statistical methods and thus the frequency domain is a more suitable choice. 

A common rule used in fatigue analysis methods is the Palmgren-Miner’s rule 

given by [23]: 
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𝐷 =∑
𝑛𝑖
𝑁𝑖

𝑘

𝑖=1

 ( 34 ) 

The total damage is the sum of factional damages. A fractional damage is the 

relation between ni and Ni, where Ni is the number of cycles to failure for a 

certain load level and ni is the actual number of load cycles that have occured. 

If the fraction ni / Ni exceeds or are equal to one, a failure will occur [23]. For 

fatigue analysis in the frequency domain there exists a number of methods to 

obtain the value of ni, one of which is the Dirlik method [36].  

The Dirlik method is one of the prominent methods used in fatigue analysis. 

By producing a power spectral density estimate for any signal, the signal will 

be transformed from the time domain to the frequency domain. The Dirlik 

method uses four spectral moments, m0, m1, m2 and m4 based on the estimate 

of the PSD. The n-th spectral moment is calculated as: 

 

𝑚𝑛 = ∫ 𝑓
𝑛𝐺𝑥𝑥(𝑓)𝑑𝑓

∞

0

 ( 35 ) 

Where f is the frequency and Gxx(f) is the single-sided spectral density. The 

usage of power spectral density in the Dirlik method may be compared with 

a probability density function when calculation statistical moments for a 

random variable. Basically, the power spectral density in the Dirlik method 

will provide information related to the probability of the occurrence for a 

certain stress range in a signal [37]. 
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4. Methods 

In this chapter the methods that can be used will be presented, and the chosen 

methods are selected and discussed in greater detail. A summary of the chosen 

methods is given in the end of the chapter. 

4.1 Scientific approach 

To generate new knowledge about a specific field, scientific theories must be 

produced that confirm this new knowledge. Theories are based on relevant 

empirics, which consist of reliable data and information. There are different 

ways to connect the empirics with the theories and it can be done by using a 

scientific approach: induction, deduction or abduction. In this study, a mixed 

approach will be used. This approach is a combination of both induction and 

deduction. When working deductively, a theory is already existing and by this 

theory a hypothesis can be formed. This hypothesis will be tested empirically 

for a specific case. In an inductive approach, there is no existing theory that 

the work can be based on, instead from investigations and tests, a theory can 

be formed. This theory can be rather limited to the specific case that the theory 

is based on [38].  

Since a mixed approach will be used, the work will start by using a deductive 

approach due to the hypothesis in the study is based on the theory that the 

requirements for weakly stationarity assumptions will not be fulfilled. This 

theory will be tested empirically by using the empirics and analyse it. If it is 

shown that the simplified method cannot be used, an inductive approach must 

be used to create a new theory. This will be done by analysing the result and 

estimating when a time-based method must be used and when simplifications 

are valid. The thesis could be performed by only using an inductive approach 

and not assuming that the weakly stationarity assumptions are applicable for 

vibrational loading in wheel loaders and haulers. This is not chosen since the 

theory of weakly stationarity assumptions is currently used at Volvo CE.   

4.2 Quantitative method 

A quantitate method is based on numerical data and is more reliable than a 

qualitative method due to it is free from interpretations and the scientist must 

be objective to the collected data, this is only true of the validity of the work 

is high. The collected data is derived from experiments and measurable tests 

which means that the information is expressed in terms of numerical values 

[39]. A quantitative method is applied in this study since the result will be 

produced based on analyses of quantitative data that already are collected 

from measurements of the vibrations in the haulers. The result whether a time-

dependent method or a simplified method can be used is based on thorough 
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analyse of the vibration data with an objective view without any 

interpretations. This results in a conclusion that is reliable and valid.   

4.3 Collection of data 

The data in this study consist of secondary data that were collected at Volvo 

CE by experienced engineers. Secondary data is data that already exist and 

consists of for example books, scientific articles and data from tests and 

documents. The advantage of secondary data is the constant access and in case 

of lack of time, the secondary data can be collected faster than primary data, 

which is data that the scientist collects. One limitation with secondary data is 

that it can be hard to connect the secondary data to the specific study [12]. In 

this case, most of the secondary data comes directly from Volvo CE and they 

are specified to be relevant to the present study. Also, a literature study will 

be done to acquire required information to be able to carry out the present 

study. This literature study will be based on secondary data and create primary 

data as a result. 

4.3.1 Selection of data 

The measured data used in this thesis project are based on previous 

experiments done by engineers at Volvo CE. These experiments resulted in 

data that contains of vibration signals measured over a time period. The 

signals provide information on the vibrations that a hauler was subjected to 

when a test drive was made. In this thesis, this data will be applied in Matlab 

to analyse it further and will be the fundamental for this thesis. The study 

could also be carried out based on new signals collected directly at Volvo CE 

by making new tests. This would result in data that is connected directly to 

the thesis. Because of time limitations and lack of experience of collecting 

vibration data, no new tests that results in new data will be made. 

Furthermore, another way to collect the needed data could be to create a finite 

element model in Abaqus. This model could be subjected to different loads 

and be analysed to see where the model would fail and at which force. This 

data would consist of none real forces which the wheel loader or hauler may 

not be subjected to in real cases. Therefore, for this study the data that already 

exist, data collected from real tests will be used. 

4.4 Calculation software 

The empirics that is used in the study consist of a large number of data that 

must be processed numerically and analysed. This cannot be done by hand 

since it would both be too time consuming and not as accurate as other 

methods. The data will therefore be analysed in a computer using a software 

called Matlab. Matlab is a program for making mathematical and technical 
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calculations and can be used to analyse data, develop algorithms and create 

models [40]. There are also alternative calculation programs that could be 

used such as GNU Octave, Scilab or Sage which theoretically should give the 

same result as in Matlab. In Matlab the given measured data from Volvo CE, 

which consists of signals in form of acceleration data that wheel loaders and 

haulers are subjected to during vibrational loading will be studied. 

4.5 Stationarity testing and data pre-processing 

To perform tests for stationarity of signals with reliable results one must first 

investigate if the signal contains any deterministic trends or periodic 

components that may impact the test for stationarity. The steps required for 

such an investigation are described below. 

4.5.1 Segmentation 

The first step is to identify any obvious trends in the signal. If the mean value 

is constantly increasing or decreasing it will be obvious that the signal is not 

weakly stationary [19]. If the signal is composed of two or more separate parts 

with intervals of low activity between the intervals, the low activity signal 

segments can be removed, and the remaining signal segments can be joined 

into one time series. All signals must be cut in the same manner so that the 

signals are synced in time.  

4.5.2 Identification 

By identifying and removing any periodic components in the signal, the 

validity of the test for stationarity can be improved. Identification of the 

existence of periodic components together with its frequency can be difficult 

and inaccurate by some methods [19]. A combination of two different 

methods will therefore be used. The autocorrelation function estimates 

together with the power spectral density (PSD) estimates and power spectrum 

(PS) estimates are used to identify frequencies of periodic components in a 

signal. The identified frequency value or values are later used as a base for 

selecting a suitable filter strategy for removing the periodic components from 

the signal in advance of the testing for stationarity. The autocorrelation 

estimate is also used to determine the correlation length of the signal. 

The second part of the identification is used to choose a correct interval length 

for the stationarity test. It is based on estimates of the mean square value as a 

function of time produced with the aid of a moving average procedure. Based 

on the variations in the estimates of the mean square value as a function of 

time produced using different averaging times T together with a trial and error 

method, an estimate of the value for the interval length may be suggested. The 
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selection of the averaging time T is a compromise between the bias and 

random errors in an estimate of the mean square value as a function of time. 

4.5.2.1 Autocorrelation 

When estimating an autocorrelation function in Matlab for a signal, the xcorr 

function can be used. This function produces an estimate of the 

autocorrelation function for a given signal. As an output the xcorr function 

will produce an estimate of the autocorrelation function as a function of the 

time lag, 𝜏, which is the time difference between the single samples the 

autocorrelation is estimated for. When plotting the autocorrelation for a signal 

it is convenient to normalise the autocorrelation function to assume a 

maximum magnitude of one. This is achieved by normalizing the 

autocorrelation function with the value it assumes at the time lag, 𝜏 = 0. 

When the autocorrelation value reaches zero it means that the signal samples 

it is estimated for are uncorrelated and thus there exists no linear relation 

between them, the lowest value for the time lag 𝜏 when the autocorrelation 

function can be assumed to have the value zero will be used in the stationarity 

tests which are described in chapter 4.5.3.  

Since an autocorrelation function estimate can decay slowly towards zero 

while continuously displaying stochastic variations about the value zero, it is 

desirable to make an assumption concerning at what time lag 𝜏 the 

autocorrelation can be considered to be zero. This time delay will be the 

correlation length of the signal. One way to determine the time delay is for 

instance to construct a symmetric interval about zero and to select the lowest 

value for the time lag 𝜏0 when the autocorrelation function assumes a value 

inside the interval and for all greater time lags. While simultaneously not 

displaying a periodic movement. The interval assumed in this study is [-0.01, 

0.01] and is basically selected as ±1% of the value of rxx(0)/rxx(0), which is 

one. Another way of identifying when the autocorrelation function can be 

assumed to have the value zero is given by hypothesis testing. It is also desired 

to only plot rxx(𝜏)/rxx(0) for positive values of 𝜏, since rxx(𝜏)/rxx(0) is a 

symmetric function about the origin. In figure 4.1 an example of an estimate 

of a normalised autocorrelation function, rxx(𝜏)/rxx(0) is shown. If the 

autocorrelation contains a periodic part, the signal is likely to have a periodic 

component, and this must be removed by filtering the signal before a test for 

stationarity can be carried out.  
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figure 4.1 – Example of a normalised autocorrelation function for a random signal. 

4.5.2.2 Power Spectral Density and Power Spectrum 

When estimating a power spectral density (PSD) for a signal, the signal should 

be divided into small segments or blocks where each segment consists of N 

samples. By plotting PSD estimates for several different segment lengths or 

block lengths and studying the peaks in the PSD, periodic components can be 

discovered. 

The magnitude of peaks in a PSD estimate that corresponds to the response of 

eigenmodes in a structure excited by random forces will converge towards a 

limited value with increasing segment length while the magnitude of peaks in 

a PSD estimate that corresponds to a periodic component in a signal will 

increase with increasing block length [19]. This is illustrated in figure 4.2. By 

comparing these spectra with each other it follows that if the peaks are 

increasing with increasing block length as in figure 4.2 there is a periodic 

component in the signal at the frequency where the increasing peak occurs. 

These periodic components must be removed before performing a stationarity 

test. It is also common to plot a PSD with its magnitude in dB (decibel) 10 ∗
log10(𝑃𝑆𝐷(𝑓)). 



 

33 

Dahlman & Johansson 

 

 

figure 4.2 – Example of power spectral density plot displaying an increasing peak at 50 Hz. 

As illustrated in figure 4.2 the peak at 50Hz is increasing with increasing 

block length. One may assume that a periodic component is a part of the 

signal. This hypothesis might be supported with the aid of a power spectrum 

(PS) estimate of the signal using a Hanning window. The Hanning window 

was chosen since the difference between the main lobe and the first side lobe 

in the spectral window is 32 dB, which puts the Hanning window in between 

a rectangle window and a flattop window. If the magnitude of the 

corresponding peak in the PS estimate of the signal does not increase with 

increasing block length it supports the hypothesis that the peak in the spectrum 

corresponds to a periodic component. 

As illustrated by figure 4.3 the peak at 50 Hz in the PS estimates is not 

increasing in magnitude as it did in the PSD estimates in figure 4.2, therefore 

it can be stated that a periodic component is a part of the signal. If the peak in 

the PS estimates would have increased in magnitude, a periodic component 

would not be of relevance [19]. 
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figure 4.3 – Example of a power spectrum plot displaying a non increasing peak at 50 Hz. 

4.5.2.3 Filtering the signal  

When a periodic component is a part of a signal, the frequency can disturb the 

analysis procedure by making it impossible to get a valid correlation length 

for the stochastic part of the signal. If the autocorrelation shows a correlation 

length that make it impossible to create enough intervals between the 

correlation intervals, the signal needs to be investigated for periodic 

components. The frequency that disturbs the autocorrelation needs to be 

known to be able to filter away the correct frequency without filtering away 

too much of the signal at other frequencies. To investigate which is the 

disturbing frequency, the autocorrelation function can be used and/or the 

power spectral density and power spectrum [19].  

By looking at the autocorrelation function, the frequency of the disturbing 

periodic component can be estimated by calculating its period time based on 

a number of peaks. From the period time, the frequency of the disturbing 

periodic component can be extracted. By estimating the power spectral 

density function for the signal, periodic components may be identified if two 

power spectral density estimates based on different block lengths are shown 

in the same figure. If power spectral density produced with the longer block 

length display a peak with greater magnitude at the frequency of the suspected 

periodic component compared with the power spectral density produced with 

the shorter length, a periodic component may be a part of the signal. 

By looking at the same frequency in the power spectrum estimates based with 

the same two block lengths used for the PSD estimates, if the peak is not 

growing magnitude, it can be stated that there is a periodic component at the 
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frequency where the peak occurs. If the peak is growing in the power 

spectrum, but the autocorrelation function needs to be filtered, the frequency 

where the peak occur in the power spectral density can be compared to the 

frequency that was calculated from the autocorrelation. If the frequency is the 

same, the signal should be filtered for removing the energy in the signal at the 

specific frequency even though no periodic component can be identified [19]. 

4.5.2.3.1 Constructing a Butterworth notch filter 

When constructing a Butterworth notch filter in Matlab, a frequency interval 

must be selected around the frequency (notch-frequency) where the signal is 

supposed to be attenuated. If a Butterworth notch filter should attenuate a 

signal at the frequency 4Hz, the signal will for example be attenuated between 

for 3 to 5Hz. This interval is chosen because of the transition areas of the 

filter. The filter order must also be specified, this will decide the amount of 

attenuation the filter will provide in the stopband. It is desirable to have a 

damping of 80dB to make sure the energy in the signal at the notch-frequency 

is negligible [40].  

4.5.2.4 Moving average of the squared signal samples 

The moving average of squared signal samples may be utilized to provide an 

estimate of the time varying properties of the signals mean square values. 

Such information may be utilized for the selection of the block length used in 

the stationarity test. In other words, by constructing several moving averages 

of squared signal samples using different averaging lengths, it is possible to 

analyse the resulting mean square value graphs of the signal and use that 

information as a base for choosing an adequate block length for the 

stationarity test. 

For example, if a moving average should be calculated for a given vector 
[2 1 3 5 (−5)] and an interval length of 3 is chosen by a common 

mathematical method. The moving average would be [2 3 1 ], where the first 

average is given by 
2+1+3

3
, the second average is given by 

1+3+5 

3
, the third 

average is given by 
3+5−5 

3
 since the two first and last numbers do not include 

enough data to produce a moving average there will only be three moving 

averages.  

The moving average could also be calculated by creating as many values of 

the moving average as in the analysed vector. This is a modified method to 

calculate the moving average and is used in the Matlab function called 

movmean. The same vector in the example above would produce a moving 

average of [2 2 3 1 1], where the first and second averages would be 

calculated by 
2+1+3

3
. The third average is calculated by 

1+3+5

3
 and the two last 

by 
3+5+(−5)

3
. Which means that when there is not enough data, the moving 

average uses the data closest available for this method. The moving average 
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of squared signal samples would be calculated the same way with the 

difference that the elements in the vector would be squared before the moving 

average is calculated. 

When constructing estimates of a signals means square value as a function of 

time based on moving averages of squared signal samples, a trial and error 

based method can be used which follows two steps.  

I. Construct a moving average for a chosen interval where each sample 

is squared. The length of the moving average should be chosen 

sufficiently short to not smooth out the actual time variations for the 

signals means square value, keep the bias error low, while at the same 

time, the length of the moving average should be sufficiently long to 

retain the variance of the estimate. That is, a compromise between bias 

and variance in the estimate should be carried out in such a way that it 

is a close replicate of the true mean square values. It should follow the 

trends in a clear way and may have a high variance. 

II. Compute multiple moving averages starting with a number of samples 

similar to the average from step one and successively increase the 

averaging length until a suitable curve has been accomplished, that has 

a “good” balance between bias and variance in the estimate [16]. 

Moving average of a signal may be produced with the aid of a Matlab 

function, movmean. When using this function, the signal must be specified 

together with the length of how many elements the moving average should 

use to estimate each mean square value. By constructing several moving 

average estimates as a function of time with different averaging lengths, the 

averaging length provides a good compromise between bias and variance in 

the estimate. This length, or number of samples, will be a guide line for the 

interval length that should be used in the stationarity tests which are described 

in chapter 4.5.3.  

A complement to the trial-and-error method is to compute the optimum 

averaging time, which might be useful if sufficient information concerning 

the signal that is analysed is available. The optimum averaging time is 

calculated as [19]: 

 
𝑇0 = [

144

𝐵𝑆𝐶𝑇(𝑡)
]
1/5

 ( 36 ) 

Where BS is the statistical bandwidth, which is calculated as [19]: 

 

𝐵𝑆 =
[∫ 𝐺𝑋𝑋(𝑓)𝑑𝑓
∞

0
]
2

∫ 𝐺𝑋𝑋
2 (𝑓)𝑑𝑓

∞

0

 ( 37 ) 

Where GXX is the power spectral density. The second variable for eq.( 36 ) 

CT(t) is calculated as [19]: 



 

37 

Dahlman & Johansson 

 

 
𝐶𝑇(𝑡) = {

[𝑎2(𝑡)]"

𝑎2(𝑡)
}

2

 ( 38 ) 

Where a2(t) is a deterministic function describing the non-stationary 

properties of the mean square of the signal and [a2(t)]´´ is the second 

derivative of a2(t). Due to the product between the two variables being raised 

to a power of 1/5 in eq.( 36 ) the accuracy with which they are approximated 

is not critical [19].   

Most non-stationary mean square values increase and decrease periodically 

with time. These types of time-varying mean square data can be approximated 

by the following function [19]: 

  𝜓𝑥
2(𝑡) = 𝑎2(𝑡) = 𝐴 𝑠𝑖𝑛(2𝜋𝑡 𝑃⁄ )      0 ≤ 𝑡 ≤ 𝑃/2   ( 39 ) 

Where P is the period of the sine wave. The maximum value for the sine wave 

occurs at 𝑡𝑚 = 𝑃/4. By substituting eq.( 39 ) into eq.( 38 ) the following 

simplification can be made [19]: 

𝐶𝑇(𝑡) = [

𝑑2𝜓𝑥
2(𝑡)
𝑑𝑡2

𝜓𝑥2(𝑡)
] = [

(2𝜋 𝑃)⁄
2
𝐴 𝑠𝑖𝑛 (2𝜋𝑡 𝑃)⁄

𝐴 𝑠𝑖𝑛 (2𝜋𝑡 𝑃)⁄
]

2

= [
2𝜋

𝑃
]
4

 ( 40 ) 

The half power point duration TD=t2 – t1, which is also known as the effective 

duration of the non-stationary event is simply defined as [19]: 

 
𝜓𝑥
2(𝑡1) =  𝜓𝑥

2(𝑡2) =
1

2
 𝜓𝑥
2(𝑡𝑚)   ( 41 ) 

The occurrence of the half power points can be calculated using eq.( 39 ) to 

be 𝑡1 = 𝑃 12⁄  and 𝑡2 = 5𝑃 12⁄  [19]. Therefore, 𝑡𝐷 = 𝑡2 − 𝑡1 = 𝑃 3⁄  and eq.( 

38 ) can be calculated as [19]: 

 

𝐶𝑇(𝑡𝑚) =  [
2𝜋

3𝑇𝐷
]
4

   ( 42 ) 

The simplest way to produce this approximation is by looking at one of the 

peaks from the trial-and-error method with a satisfactory averaging length 

[19]. 

The value for 𝐵𝑆 is determined by the area under the curve of the PSD. Since 

a PSD is limited to a finite frequency range and is based on discrete values, 

the Matlab function trapz will be used to approximate the integral values 

needed for eq.( 37 ).  

By calculating 𝐵𝑆 and 𝐶𝑇(𝑡𝑚) and implementing eq.( 36 ) an approximation 

of the optimum averaging time can be calculated. This value together with the 
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value from the trial-and-error method will form the basis for the decision of 

which interval length that should be used in the stationarity tests. 

4.5.2.4.1 Moving average for the squared signal with periodicities 

When constructing a moving average for a signal that includes periodicities, 

the length of the averaging in the moving averaging procedure should be 

chosen to smooth out the variations because of the periodic components. In 

figure 4.4 an example of three moving mean square curves is shown for a 

signal which contain periodic components. The interval lengths of each mean 

square in the different curves are T1, T2 and T3 where 𝑇1 < 𝑇2 < 𝑇3. In 

figure 4.4, it is shown that the length T3 suits best because it filters out the 

periodicities in the signal.  

 

figure 4.4 – Example of moving averages of squared signal samlpes using different averaging lengths. 

4.5.2.4.2 Moving average of squared signal samples without periodicities 

If a signal that is analysed does not contain a distinct periodic component, the 

interval length should not be selected to smooth out a time dependent mean 

square value. It must be selected such that it keeps any non-stationary trends 

in the mean square value of the signal, if they exist. The averaging length 

should be chosen sufficiently short to not smooth out the actual non-stationary 

trends of the signals mean square value, keep the bias error low, and at the 

same time the length of the moving average should be sufficiently long to 

retain the variance of the estimate, that is a compromise between bias and 

variance in the estimate. Since the fluctuations in mean square values might 

appear to be random it is important to thoroughly check the signal for the 

chosen interval lengths and examine which value offers the best 
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approximation. The trial-and-error method is most applicable in this scenario. 

[19]. 

When an interval length that seems sufficiently accurate has been found it can 

be used to calculate the optimum averaging time by the previously mentioned 

methods in chapter 4.5.2.4, which can be used as a complementary method.   

If the non-stationary trends of mean square values appear to not follow any 

specific pattern, the optimum averaging time should be calculated using 

several different peaks from the interval length found by the trial-and-error 

method to see how the choice of peak affects the effective duration and 

subsequently the optimum averaging time. If the optimum averaging time is 

found to be varying but varies close to the interval length from the first 

method, it can be interpreted as a confirmation of the choice of interval length 

from the trial-and-error-method. 

The choice of the number of elements that is most suitable for the stationarity 

test is also affected by how closely the moving averages are examined. By 

looking at a small interval of the moving averages a small interval length can 

be determined to be the best choice. Likewise, if a larger interval is examined, 

a large interval length can be determined to be the best choice. In order to 

bring some clarity to the choice of averaging length it is important to 

remember the following pitfalls.  

I. If a relatively short interval length is used there is a risk that the 

average might fall in between two peaks and a non-stationary trend 

might go unnoticed in the stationarity test. In the other end of the 

spectrum the large interval length has its own drawbacks. A large 

interval length will smooth out any non-stationary trends and the 

segment of the signal might falsely be considered as weakly 

stationary. It is obvious that a value in between these extremes is 

optimal and it can only be determined by examining the signal in its 

entirety.  

II. The optimal interval length must be able to identify the trends and 

distinguish the peaks of the signals time varying mean square value. 

The averaging length should be chosen as large as possible as long as 

it fulfils the previously stated requirements. A larger averaging length 

will produce an estimate based on larger percentage of the signal to be 

analysed and thus have lower variance.  
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4.5.2.5 Kurtosis 

The kurtosis is calculated according to eq.( 13 ) as: 

 
𝛽2 = 

𝜇4
𝜇2
2⁄ − 3 =

𝐸[𝑋 − 𝜇]4

(𝐸[𝑋 − 𝜇]2)2
− 3 ( 43 ) 

When the calculation of the fourth power of the signal together with the square 

of the signal is carried out elementwise the Matlab function movmean can be 

used to produce an estimate of the time varying properties of the kurtosis of a 

signal. Utilizing the same averaging time length as was determined in 4.5.2.3 

a moving average estimate of the kurtosis can be determined for the signal.  

According to the definition of strictly stationary processes, all possible 

moments should be time invariant [19]. Since the strictly stationary processes 

are a subset of the weakly stationary processes, stationarity in the weak sense 

could be inferred if the signal was found to be stationary in the strict sense. 

By examining the plot of a moving average estimate of the kurtosis for a 

signal, the signal can be rejected as strictly stationary if the kurtosis is found 

to be varying with time. 

Complementary to the moving average of the kurtosis an average of the entire 

signal is also calculated, which can be used to interpret the distribution of the 

data. 

4.5.3 Stationarity test 

By the segmentation and identification parts, the correlation length and 

interval length for a signal can be determined and a test for stationarity can be 

performed. The test for stationarity will consist of two parts, the reverse 

arrangements and runs tests. If the number of reverse arrangements and runs 

for a select number of interval is within a given estimated region of 

acceptance, then the intervals can be said to be weakly stationary. If this is not 

the case, then the number of intervals can be decreased, or the signal might 

not be weakly stationary at all for the intervals.  

According to previously stated requirements which are imposed on a signal 

for it to be hypothesized as ergodic stationary, one sample function is enough 

to describe the properties of the entire ensemble. However, if it can be shown 

that an arbitrary sample function does not fulfil the requirements of an ergodic 

stationary process then the hypothesis of ergodic stationarity will no longer 

be valid for the ensemble. This will be tested by the reverse arrangements test 

and the runs test. Both tests need be successful for the stationarity to hold.  

The stationarity test can be performed on a signal x(n) using a single time 

record divided into N intervals of equal length L [16] [19]. The sample record 
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must be long enough to enable any non-stationary trends to be detected. Each 

such interval xs, where 𝑠 =  {1,2, … , 𝑆} and can also be written as: 

 

 
x𝑠 = {𝑥((𝑠 − 1)𝐿 + 1), 𝑥((𝑠 − 1)𝐿 + 2), … , 𝑥((𝑠 − 1)𝐿 + 𝐿)} ( 44 ) 

Where s, denotes the interval number where each interval has the length L. 

By calculating the mean square value for each interval, one can test the time 

series for stationarity on both the mean and variance level simultaneously. As 

shown in eq.( 12 ) there is a relation between the estimates of the mean square, 

the mean and the variance. Due to this relation, there is a risk when performing 

a stationarity test based on the mean square values that the mean and variance 

will both be varying over time. Thus, each have non-stationary properties that 

vary in such a way that they cancel out each other and the mean square can 

appear to be constant. This will result in the hypothesis that the non-stationary 

signals are weakly ergodic. It is however highly unlikely for the mean and 

variance to vary in such a way [19].  

For a stationarity test to be considered valid it is important that the intervals 

are chosen in such a way that the data or signal segments in each interval can 

be considered independent. This is assured by determining the lowest value 

for the time difference 𝜏 when the autocorrelation for a signal can be 

considered to have assumed the value zero. This value of 𝜏 is called the 

correlation length of the signal and will be denoted as C in figure 4.5 it can be 

seen how the correlation length affects the total interval length, Ltot. 

 

figure 4.5 – Signal divided into intervals with respect to the correlation length. 
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The mean square value can be estimated for each interval without considering 

the correlation length of the signal as [19]: 

 

  �̅�𝑠
2 =

1

𝐿
∑𝑥((𝑠 − 1)𝐿 + 𝑗)2
𝐿

𝑗=1

 ( 45 ) 

If the correlation length of the signal is necessary to obtain independent 

intervals, the mean square of the signal segments may be estimated as [19]: 

  

�̅�𝑠
2 =

1

𝐿
∑𝑥((𝑠 − 1)𝐿𝑡𝑜𝑡 + 𝑗)

2

𝐿

𝑗=1

 ( 46 ) 

When the mean square values for all the signal intervals have been calculated, 

they are compiled into a vector according to [19]:  

�̅�2 = {x̅1
2, x̅2

2, … , x̅n
2}. 

 
( 47 ) 

The stationarity tests are subsequently carried out on such mean square value 

vectors [16] [19].  

4.5.3.1 Reverse arrangements test 

The reverse arrangements test is useful in detecting trends in the data. The 

existence or nonexistence of trends in the data can later be used to determine 

whether the data can be assumed to be weakly stationary or not. This method 

does not require any knowledge of probability distribution functions, which 

are not commonly available at the time of these tests [18] [19]. 

Since this test method is based on detecting trends of a random nature, one 

must first detect any periodic component in the signal, which would otherwise 

contribute to misleading results in the stationarity tests. Such periodic 

components can be detected in the autocorrelation function or the PSD [19].  

A sequence of data points is divided into N intervals of equal size where each 

interval is considered to have independent data according to eq.( 44 ). The 

mean square value of each interval is then calculated, and the mean square 

value of the first interval is compared to the values of the following N-1 

intervals [18] [19]. Each time �̅�𝑖
2 > �̅�𝑗

2 for i < j the following value is added 

to Ai [19]: 

  
ℎ𝑖𝑗 = {

1 𝑖𝑓 �̅�𝑖
2 > �̅�𝑗

2

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
   ( 48 ) 

Where ℎ𝑖𝑗 = 1 is known as a reverse arrangements and Ai is the total number 

of instances where the mean square of interval i is greater than the subsequent 
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values [26]. That is, Ai is the number of reverse arrangements of interval i. 

The total number of reverse arrangements for the sequence can be directly 

calculated as [19]: 

 

𝐴 = ∑ ∑ ℎ𝑖𝑗

𝑁

𝑗=𝑖+1

𝑁−1

𝑖=1

 ( 49 ) 

Where the second sum calculates the number of reverse arrangements for each 

interval and the first sum adds the contributions of each interval into a total 

number of reverse arrangements known as, A [18] [19] [26]. 

By hypothesizing that the sequence is weakly stationary and choosing a 

significance level α, the value A can be compared to those from the 

distribution function A as: 

 [𝐴𝑁;1−𝛼/2 < 𝐴 < 𝐴𝑁;𝛼/2] ( 50 ) 

Where N is the number of intervals and α is the significance level. If A is 

within the acceptance region the signal is said to be accepted as weakly 

stationary for the particular significance level [18] [19] [26]. The acceptance 

region for commonly used values of N are given in table 4.1. 

 

Table 4.1 – Different regions of reverse arrangements distribution. 

 𝜶 

N 0.99 0.975 0.95 0.05 0.025 0.01 

10 9 11 13 31 33 35 

12 16 18 21 44 47 49 

14 24 27 30 60 63 66 

16 34 38 41 78 81 85 

18 45 50 54 98 102 107 

20 59 64 69 120 125 130 

30 152 162 171 263 272 282 

40 290 305 319 460 474 489 

50 473 495 514 710 729 751 

60 702 731 756 1013 1038 1067 

70 977 1014 1045 1369 1400 1437 

80 1299 1344 1382 1777 1815 1860 

90 1668 1721 1766 2238 2283 2336 

100 2083 2145 2198 2751 2804 2866 

For example, if 30 intervals are being used and a significance level of 0.05 is 

desired. This means that the value of N is equal to 30 and the value of 𝛼 is 

equal to 0.05. The value of A needs to be between the interval of 

[A30;1−0.05/2 < A < A30;0.05/2]. As seen from table 4.1 this gives the interval 

[162 < A < 272]. The lower boundary is given by looking at the row where 

N is 30 and the column where 𝛼 is 0.975. The upper boundary is located at 

the same row, but the corresponding column is where 𝛼 is 0.025. If A is 

between these numbers, the data can be considered weakly stationary [19]. 
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The mean and variance for the total number of reverse arrangements can be 

calculated as [16]: 

 
𝐸(𝐴) =

𝑁(𝑁 − 1)

4
 ( 51 ) 

And [16]: 

 𝑉(𝐴) =
𝑁(2𝑁+5)(𝑁−1)

72
  ( 52 ) 

where E(A) is the mean value, V(A) is the variance and N is the number of 

intervals [16]. 

Instead of considering table 4.1, the data can be investigated if it is weakly 

stationary by using the mean and variance. By calculating a z-score using the 

following equation [25]: 

 

𝑧 =
𝐴−[

𝑁(𝑁−1)

4
]

√2𝑁
3+3𝑁2−5𝑁

72

  ( 53 ) 

where A is the total number of reverse arrangements and N is the number of 

intervals. If for example a value of 𝛼=0.05 is desired, a z-score of either 𝑧 ≥
1.96 or 𝑧 ≤ −1.96 needs to be obtained if the data should be considered as 

weakly stationary [41]. The reverse arrangement test can detect monotonic 

trends in a sequence of observation, it is not a powerful tool if fluctuating 

trends should be detected. 

4.5.3.2 Runs test 

The runs test is used to detect randomness in data. A run is defined as a 

sequence of identical symbols, either plus (+) or minus (-), which are followed 

by the opposite symbol or no symbol at all. The median value is set as the 

reference point. To be able to perform a run test, a signal must be divided into 

N intervals. As in the reverse arrangements test, estimates of the mean square 

value for each interval must be known. A vector that consist of the mean 

square value estimates for each interval will be considered as the data. Each 

data point, mean square value, is compared to the median and are assigned 

symbols accordingly [19]: 

 
𝑑𝑎𝑡𝑎 = {

+ 𝑖𝑓 𝑑𝑎𝑡𝑎 > 𝑚𝑒𝑑𝑖𝑎𝑛
− 𝑖𝑓 𝑑𝑎𝑡𝑎 < 𝑚𝑒𝑑𝑖𝑎𝑛

   ( 54 ) 

This means that a collection of data will be reduced to a sequence of + and – 

as shown below 

++⏟
1

− −⏟
2

+++⏟  
3

−−−⏟  
4

++⏟
5

− −−⏟  
6
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Each time the sequence changes from + to – or vice versa a new run will start, 

which in this case would result in 6 runs. For example, if a signal is divided 

into 10 intervals and the mean square value for each interval is calculated to 

be, [2 1 3 9 5 8 1 2 4 7], this would give a median value of 3.5. Therefore, 

the data could be reduced as follows 

−−−⏟  
1

+++⏟  
2

−−⏟
3

++⏟
4

 

Which means that the signal consists of 4 runs. When the number of runs is 

known, this information can be used to investigate if the signal is weakly 

stationary or not. If the signal can be considered as weakly stationary when 

choosing a significance level α, the number of runs, r, should have a value that 

is within the region  

[rn;1−α/2 < r < rn;α/2]  

where 𝑛 is the number of intervals divided by two and α is the significance 

level. The acceptance region for commonly used values of n can be seen in 

table 4.2. 
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Table 4.2 – Different regions of runs distribution. 

 𝜶 

n=N/2 0.99 0.975 0.95 0.05 0.025 0.01 

5 2 2 3 8 9 9 

6 2 3 3 10 10 11 

7 3 3 4 11 12 12 

8 4 4 5 12 13 13 

9 4 5 6 13 14 15 

10 5 6 6 15 15 16 

11 6 7 7 16 16 17 

12 7 7 8 17 18 18 

13 7 8 9 18 19 20 

14 8 9 10 19 20 21 

15 9 10 11 20 21 22 

16 10 11 11 22 22 23 

18 11 12 13 24 25 26 

20 13 14 15 26 27 28 

25 17 18 19 32 33 34 

30 21 22 24 37 39 40 

35 25 27 28 43 44 46 

40 30 31 33 48 50 51 

45 34 36 37 54 55 57 

50 38 40 42 59 61 63 

55 43 45 46 65 66 68 

60 47 49 51 70 72 74 

65 52 54 56 75 77 79 

70 56 58 60 81 83 85 

75 61 63 65 86 88 90 

80 65 68 70 91 93 96 

85 70 72 74 97 99 101 

90 74 77 79 102 104 107 

95 79 82 84 107 109 112 

100 84 86 88 113 115 117 

Similar to the reverse arrangements test, a z-score value can be calculated to 

investigate if the signal is weakly stationary or not. It is calculated as follows 

[25]: 

 

𝑧 =
𝑟 + ℎ − (

2𝑁1𝑁2
𝑁 ) − 1

√(2𝑁1𝑁2(2𝑁1𝑁2 −𝑁))/(𝑁
2(𝑁 − 1)

 ( 55 ) 

where r is the total number of runs, N1 is sum of mean square values that has 

a plus symbol, N2 is the sum of mean square values that has a minus sign, N 

is the number of intervals and h is 0.5 if [(
2𝑁1𝑁2

𝑁
) + 1] > 𝑟 and -0.5 if h is 

[(
2𝑁1𝑁2

𝑁
) + 1] < 𝑟. If the z-score is either 𝑧 ≥ 1.96 or 𝑧 ≤ −1.96 it indicates 

that the signal can be considered as weakly stationary. 

4.5.4 Summary of stationarity testing and data pre-processing 

All signals will be analysed according to figure 4.6 which ends with a test for 

stationarity, the results of which will be presented in chapter 6. 
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figure 4.6 – Procedures for analysis of stationarity. 

4.6 Alternative methods 

When analysing a signal, there may be some alternative methods that can be 

used if necessary. A signal can be resampled if another sampling frequency is 

preferred. Also, the autocorrelation estimate that is for dividing the time series 

into uncorrelated segments for stationarity testing may be computed with 

another estimated region of acceptance, greater or smaller than 1 percent. 

4.6.1 Resampling of a signal 

If another sampling frequency is preferred, a signal can be resampled to a 

reduced sampling frequency. With the aid of Matlab’s function “decimate” a 

signals sample rate may be reduced with a chosen factor. If a signal has a 

sampling frequency of 1000 Hz and should be resampled to 100 Hz, the 

chosen factor would be 10. The function decimate uses a Chebyshev filter, 

which is a lowpass filter, of a chosen order to avoid aliasing. The order 

basically specifies the low-pass filter roll-off.   

4.6.2 Estimated region of acceptance in the autocorrelation 

The chosen region of acceptance in the analysis procedure for stationarity was 

based on an engineering judgement. This region of acceptance may be chosen 

to be wider or smaller than 1 percent. If a wider interval compared to the 

chosen one would be used, the correlation length would be considered to be 

shorter. While an interval of acceptance smaller than 1 percent would result 

in a correlation length considered to be longer. By choosing a region of 
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acceptance of 2% instead of 1%, the region of acceptance would increase to 

[-0.02, 0.02].  

4.7 Fatigue comparison 

Three different duty values will be calculated based on the vibration records 

measured on an articulated hauler driving on a test track using the different 

assumptions. For the calculation of the first duty value, it is assumed that the 

vibration signals are weakly stationary. The calculation of the second duty 

value is based on the signal segments accepted as weakly stationary by the 

stationarity tests and fin ally the third duty value is also based on the weakly 

stationary intervals, however, only on the signal segments that enable the 

estimation of power spectral densities with an error of 15% were used. The 

resulting three duty values will be compared and analysed. Furthermore, the 

fatigue life will be calculated for each of the three duty values and the duty 

value produced with the first method will be used as a baseline.  

4.7.1 Calculating fatigue life by assuming stationarity 

If the vibration signals are assumed to be weakly stationary the following 

calculation procedure can be performed by using the signals in their entirety. 

Alternatively, the signals can be segmented according to 4.5.1. Either way, 

the entire length of the signals will be used in the fatigue calculations. 

The first step is to calculate the optimum block length for the power spectral 

densities (PSD). The calculation is based on the length of the signals, T, the 

first eigenfrequency, fr and the damping, 𝜉. The optimum interval length 

minimizes the total error and is calculated as [19]: 

 
𝐵0 ≈ 2

(𝜉𝑓𝑟)
4
5⁄

𝑇
1
5⁄

 ( 56 ) 

When the optimum interval length has been computed it is possible to 

calculate the spectral load matrix. Each position in the spectral load matrix 

holds a vector of power spectral densities in the diagonal and cross power 

spectral densities in the off-diagonals, an example of a spectral load matrix 

can be seen in table 4.3. 
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Table 4.3 – Spectral load matrix 

 

P
o
s.

 1
 X

 

P
o
s.

 1
 Y

 

P
o
s.

 1
 Z

 

P
o
s.

 2
 X

 

P
o
s.

 2
 Y

 

P
o
s.

 2
 Z

 

Pos. 1 X       

Pos. 1 Y       

Pos. 1 Z       

Pos. 2 X       

Pos. 2 Y       

Pos. 2 Z       

The calculation of the spectral load matrix consists of two steps. The first is 

to calculate the PSD for the diagonal and the second step is to calculate the 

upper off-diagonal which consists of cross power spectral densities, CPSD 

relating the different signals to one another. The lower off-diagonal positions 

are the complex conjugates to the cross spectral densities in the mirrored 

positions on the upper off-diagonal. That is, S(i,j) is the complex conjugate to 

S(j,i), when i is separate from j. Therefore, it is sufficient to calculate each 

position in the lower off-diagonal as the complex conjugate to the respective 

upper off diagonal position. 

The common expression for the equations of motion for a linear time invariant 

MDOF-system is given by [27]: 

 𝑴�̈� + 𝑪�̇� + 𝑲𝒖 = 𝒑(𝒕) ( 57 ) 

Where M is the M x M mass matrix, C is the M x M damping matrix, K is the 

M x M stiffness matrix, u(t) is the space and time dependent M x 1 

displacement vector and p(t) is the space and time dependent M x 1 force 

vector. This is M coupled equations that may be decoupled by changing the 

coordinate system to the coordinate system defined by the systems mode 

shapes. The decoupled equations of motion may be written as [27]: 

 𝑴𝑫𝜼(𝒕)̈ + 𝑪𝑫𝜼(𝒕)̇ + 𝑲𝑫𝜼(𝒕) = 𝒇(𝒕) ( 58 ) 

Where 𝜼(𝒕) is the space and time dependent M x 1 displacement vector in the 

mode shape coordinate system and 𝒇(𝒕) is the space and time dependent M x 

1  modal force vector.  

Where MD is the modal mass matrix 𝑀𝐷 = Φ
𝑇𝑀Φ, 

CD is the modal damping matrix 𝐶𝐷 = Φ
𝑇CΦ,  
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KD is the modal stiffness matrix 𝐾𝐷 = Φ
𝑇𝐾Φ and Φ is the M x M mode shape 

matrix containing the systems mode shape vectors. If the forced response of 

the decoupled equations of motion is calculated, in the mode shape coordinate 

system, the response of the system in reality, in the original coordinate system, 

may be produced in terms of a mode superposition as [27]: 

 𝒖(𝒕) = 𝜱𝜼(𝒕) ( 59 ) 

The mode superposition method can be used to find the stress at a certain 

position based on input data from other positions [27]. For this case the stress 

or more precisely the duty for a weld will be calculated based on the vibration 

signals in x, y & z-directions from two positions. By utilizing the natural 

frequencies, the modal damping, the participation factor and a modal stress 

tensor, the PSD-response for the chosen position can be calculated. To 

calculate the range pairs according to the Dirlik method the PSD-response at 

the positions of welds will be used. The range pairs are calculated with the aid 

of the PSD-responses using a selected number of range classes and a selected 

time duration, which is commonly chosen to be one hour 

The next step is to use the range pairs in order to calculate the duty according 

to:  

 

𝑑𝑢𝑡𝑦 =∑𝐶𝑦𝑐𝑙𝑒(𝑖) ∗ 𝑅𝑎𝑛𝑔𝑒𝑘
𝑁

𝑖=1

 ( 60 ) 

Where Cycle is a vector representing the number of cycles for each range and 

Range is a vector for the upper limits of the range classes. The number of 

range classes was chosen to 500 and the time of duration was set to one hour. 

The k-factor from the Wöhler curve was determined to be 3 according to [42]. 

Since the duty with units of [(MPa^k)/h] is a somewhat abstract value which 

can be difficult to connect to the actual durability of a weld, the fatigue life 

for the weld will instead be considered. The fatigue life is calculated as the 

ratio between the capacity, C and the duty as: 

𝑓𝑎𝑡𝑖𝑔𝑢𝑒 𝑙𝑖𝑓𝑒 =
𝐶

𝑑𝑢𝑡𝑦
 ( 61 ) 

Since a normalised value will be used to compare the different methods there 

is no need to calculate the capacity of the weld, the normalised value is 

produced as: 

𝑓𝑎𝑡𝑖𝑔𝑢𝑒 𝑙𝑖𝑓𝑒 𝑋

𝑓𝑎𝑡𝑖𝑔𝑢𝑒 𝑙𝑖𝑓𝑒 𝑌
=
(
𝐶

𝑑𝑢𝑡𝑦 𝑋
)

(
𝐶

𝑑𝑢𝑡𝑦 𝑌
)

⁄ =
𝐶 ∗ 𝑑𝑢𝑡𝑦 𝑌

𝑑𝑢𝑡𝑦 𝑋 ∗ 𝐶
=
𝑑𝑢𝑡𝑦 𝑌

𝑑𝑢𝑡𝑦 𝑋
 ( 62 ) 

Where the fatigue life for method X is compared to the fatigue life of method 

Y. From eq.( 62 ) it follows that the quotient between the fatigue life of two 

methods is inversely proportional to the quotient of their duty. 
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The final step in the fatigue comparison is to calculate the uncertainty, U for 

the result of the method. The uncertainty stems from the total error for the 

PSD and CPSD estimates in the spectral matrix. The total error is always 

present and will thus impact all calculations that are based on the spectral 

matrix [19]. This is the cause of the uncertainty, which is based on the 

following proportionalities:  

PSD is proportional to the stress as, 𝑃𝑆𝐷 ∝ 𝜎2. 

Duty is proportional to the stress as, 𝑑𝑢𝑡𝑦 ∝  𝜎3, due to the determined 

value of the k-factor. 

Thus, a calculation of the total errors effect on the uncertainty of the duty can 

be performed as:  

𝑈𝑑 = 𝑃𝑆𝐷𝑇𝐸
3
2⁄  ( 63 ) 

Where, 𝑈𝑑 is the uncertainty of the duty and PSDTE is the PSD with an 

arbitrary total error. Finally, the uncertainty of the fatigue life can be 

calculated according to the previously mentioned inverse proportionality as: 

𝑈 = 1 −
1

𝑈𝑑
 ( 64 ) 

Where U will be a value in percent, which should be used to indicate the 

spread of the fatigue life result that was calculated by the method above. 

The actual results that will be presented for the fatigue comparison of each 

method is based on three values. The fatigue life of the method compared to 

the baseline, FL together with FL±U, which will create an interval of 

uncertainty for the method. 

4.7.2 Calculating fatigue life using piecewise weakly stationary 

segmentation 

The stationarity test that is described in chapter 4.5.3 produces information 

concerning how a signal may be divided in to weakly stationary segments. 

These segments, or segment, can be different depending on which signal that 

has been analysed. If the signals are measured at the same time with sensors 

that are located close to each other, the signals may be correlated. When 

calculating duty for a part in a machine, the signals that depend on each other 

and affects the part shall be taken into the calculation in order to obtain a valid 

result. The applicable signals have frequently weakly stationary signal 

segments over different time intervals and these time intervals may also vary 

in length and number. The signal segments are required to have the same 

length over the same time interval to enable the fatigue life calculation. 
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When performing a duty calculation for piecewise weakly stationary signals, 

the piecewise intervals for each included signal must be known. The signals 

shall be divided into intervals which are equal for each signal. Each interval 

must be weakly stationary, therefore new intervals must be formed where each 

interval can not include an end or a beginning of an original interval from the 

stationarity test. For example, if stationarity tests for three signals, X, Y, and 

Z have been performed with results according to figure 4.7. Where signal X 

was weakly stationary, Y was piecewise weakly stationary in 4 intervals and 

signal Z was piecewise weakly stationary in three intervals. All three signals 

have the same total length. 

 

figure 4.7 – Example of piecewise weakly stationary intervals for three signals. 

The signals must be divided into intervals which should be equal for each 

signal, it is therefore crucial for the signals to have the same total length. The 

intervals can not cross or include any original interval end or beginning. The 

signals would have to be divided into six intervals, see figure 4.8. A line where 

each original end or beginning of an interval was drawn to form the new 

intervals. The new intervals are equal for the three signals. These new 

intervals will be treated separately when calculating the optimum interval 

length, the spectral load matrix, the PSD-response and the duty which was 

described in the chapter before. 
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Figure 4.8 – Dividing the signals into six intervals that are equal for each signal and do not cross or 

include any original interval end or beginning. 

When the duty for each interval has been calculated, the duty for each interval 

will contribute to a summarized duty dependent on how long each interval is. 

Each duty value must be weighted in relation to its time duration. The 

summarized duty can be derived by: 

𝑑𝑢𝑡𝑦𝑠𝑢𝑚 =∑
𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ(𝑖)

𝑡𝑜𝑡𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ
∗ 𝑑𝑢𝑡𝑦(𝑖)

𝑁

𝑖=1

 ( 65 ) 

Where for each interval, i, the interval length is divided by the total length and 

multiplied with the intervals duty. The sum of these values for each interval 

will be the duty calculated based on piecewise weakly stationary 

segmentation. The fatigue life can thus be calculated according to eq.( 62 ) by 

comparing the duty calculated by piecewise weakly stationary segmentation 

to the duty calculated by weakly stationarity assumptions. 

For example, the six intervals in figure 4.8 will have their own duty and will 

provide different contributions to the summarized duty, dependent on their 

individual interval length. If the signals have a length of 100 seconds and the 

first interval has a length of 20 seconds and a calculated duty of 5, the first 

interval will contribute to the summarized duty by: 

20

100
∗ 5 = 1 

Where 20 is the interval length(1), 100 is the total length and 5 is the duty(1). 

For each of the six intervals, the duty contribution should be calculated and 

summarized. The summarized duty is the duty for a specific part calculated 

by piecewise weakly stationary segmentation.  
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The uncertainty of the results for the piecewise stationary segmentation 

method will be calculated by first weighting the total error of each interval as: 

𝑡𝑜𝑡𝑎𝑙 𝑒𝑟𝑟𝑜𝑟𝑠𝑢𝑚 =∑
𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ(𝑖)

𝑡𝑜𝑡𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ
∗ 𝑡𝑜𝑡𝑎𝑙 𝑒𝑟𝑟𝑜𝑟(𝑖)

𝑁

𝑖=1

 ( 66 ) 

Where the ratio for the size of the time of each interval is calculated in the 

same manner as for the individual duty calculation. The total error of each 

interval can thus be calculated, weighted and added together to form a 

summarized total error. The summarized total error can then be used to 

calculate the uncertainty of the method. Values for the fatigue life compared 

with the baseline, FL can be calculated together with FL±U, which will create 

an interval of uncertainty for the method. 

By dividing the signals into identical intervals based on the tests for 

stationarity, there is a risk that small intervals are obtained. Small intervals 

are likely to yield results with a higher error since power spectral density 

estimates produced for small segments will in general have an inacceptable 

high total error. To avoid results with too high total errors, the calculation of 

the duty by considering the total error can be performed an this is described 

in the next subchapter. 

4.7.3 Calculating fatigue life considering the total error in the power 

spectral density  

To avoid total errors in power spectral density estimates over 0.15 the 

intervals that will result in a higher total error will not be included when 

calculating the summarized duty for piecewise weakly stationary segments. 

Therefore, only those intervals that will result in a total error under the limit 

0.15 will be included in the summarized duty and the intervals that do not 

fulfil the requirement will be ignored. Based on this, the total length of the 

original signal records can not be used to calculate each intervals contribution 

to the duty. Instead a modified length must be used which summarizes each 

approved interval length and can be derived as: 

𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑 𝑙𝑒𝑛𝑔𝑡ℎ =∑𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ(𝑖)

𝑁

𝑖=1

 ( 67 ) 

Where N only includes the number of intervals that have a total error under 

0.15. The summarized duty can therefore be derived as: 

𝑑𝑢𝑡𝑦𝑠𝑢𝑚 =∑
𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ(𝑖)

𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑 𝑙𝑒𝑛𝑔𝑡ℎ
∗ 𝑑𝑢𝑡𝑦(𝑖)

𝑁

𝑖=1

 ( 68 ) 
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Where the summation only includes intervals that will result in a total error 

under 0.15. The summarized duty is the duty calculated for a specific part by 

piecewise weakly stationary segmentation considering the total error for each 

interval. The fatigue life can thus be calculated according to eq.( 62 ) by 

comparing the duty calculated by considering the total error to the duty 

calculated by weakly stationarity assumptions. 

The uncertainty of the results for this method will be calculated by first 

weighting each total error under 0.15 as: 

𝑡𝑜𝑡𝑎𝑙 𝑒𝑟𝑟𝑜𝑟𝑠𝑢𝑚∑
𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ(𝑖)

𝑡𝑜𝑡𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ
∗ 𝑡𝑜𝑡𝑎𝑙 𝑒𝑟𝑟𝑜𝑟(𝑖)

𝑁

𝑖=1

 ( 69 ) 

The weighting of each segment is calculated by the same method as for the 

summarized duty. The summarized total error is then used to calculate the 

uncertainty of the method.  

Values for the fatigue life compared with the baseline, FL can be calculated 

together with FL±U, which is described in 4.7.1. These values will create an 

interval of uncertainty for the method. 

4.8 Summary of the method 

The different methods used to enable an investigation of the hypothesis can 

be summarized as illustrated in figure 4.9. The scientific approach will be a 

mixed approach and a quantitative method will be used. The collection of data 

will consist of secondary data that is mostly consisting of measured data from 

Volvo CE. The computer program that will be used in this thesis is Matlab. 

After the analysis procedure for stationarity has been performed values of the 

duty will be calculated and compared. 
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figure 4.9 – Summary of the methods. 
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5. Implementation 

The implementation of the derived methods will be presented in this chapter. 

Since there are multiple signals that have been analysed the chapter will be 

divided into subchapters containing the analysis of signals based on their 

origin.  

5.1 Haulers 

The signals originating from haulers were obtained by driving at a test track 

where a signal is the result of two laps in one direction and then two laps in 

the opposite direction on the test track. This resulted in signals which had to 

be modified to eliminate the segments where the hauler was standing still. The 

tests were carried out both with the hauler loaded and empty. The 

accelerations in X, Y, and Z-directions where measured at several positions 

of the hauler, two of which will be of main focus of this thesis. The tests were 

performed for the two working modes of the hauler, empty and loaded. If the 

hauler was not carrying any load it was said to be empty, which was denoted 

by an A.  If the hauler was loaded it was denoted by a B. All calculations were 

performed in Matlab and the code that was used is provided in APPENDIX 1. 

For the two measurement positions of interest a total of 12 signals were 

analysed. The analysis of a few selected signals is demonstrated to show the 

variations that occurred in the implementation process. The analysis of each 

signal is given in APPENDIXES 2-13 where the analysis for the signals that 

are not mentioned in the implementation chapter are explained in more detail. 

5.1.1 Analysis of signal A03Y 

A03Y is measured with an accelerometer positioned on the left side of the 

hydraulic tank mount and the acceleration is measured in the Y-direction. The 

signal was collected for an empty hauler, an A measurement. 

5.1.1.1 Segmentation procedure of signal A03Y 

Figure 5.1.1 shows the complete acceleration, the total measured time was 

738 seconds using a sampling frequency of 5000 Hz. Since the signal 

contained unwanted parts consisting of data acquired during the starting 

procedure of the hauler, between the two test runs and during the shutdown 

of the hauler, the signal was modified by removing these unwanted data. The 

first part of interest in the signal consists of data from 22 seconds to 310 

seconds. The second part of interest was divided into two intervals, first from 

330 to 446.65 seconds followed by an interval between 446.66 to 610 seconds. 

The second part was divided into two intervals since one of the signals of the 

A measurement included a distorted signal interval and this signal segment 

was removed. In addition, in the other signals the corresponding time interval 
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was removed, resulting in signals that all have the same length. The same 

signal length was important for the lifetime calculations.  

 

figure 5.1.1 – The original A03Y acceleration signal, 0 < t < 738 seconds. 

In figure 5.1.2 the modified signal is illustrated and it consists of the signal 

segments from the first part and the second part of the original signal. The 

total time of the modified signal was 568 seconds instead of 738 seconds for 

the original signal. The decision concerning which signal segments that 

should be removed was based on an ocular investigation of the graph in figure 

5.1.1. The second part of the remaining signal was divided into two segments 

that was determined by an ocular investigation of the signal A04Y, see 

APPENDIX 6. Since all the signals were measured over a long time compared 

to the segments that were removed, the decision of where the different 

segments started and ended did not have to be chosen at the exact starting and 

ending points of each test run. The exact information regarding how the signal 

A03Y, and all other signals were modified is given in APPENDIX 1 as a part 

of the Matlab code. 
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figure 5.1.2 – The modified A03Y signal, 0 < t < 568 seconds. 

5.1.1.2 Identification procedure of signal A03Y 

The segmentation of the signal was followed by an identification procedure, 

which includes five steps according to figure 4.6. 

5.1.1.2.1 Autocorrelation of A03Y 

The autocorrelation function for A03Y was estimated, the details are given in 

APPENDIX 3 and it is shown in figure 5.1.3 together with two dotted lines. 

The dotted lines represent a ± 1% interval for the correlation relative to the 

100% correlation estimated for Rxx(0). This gives values of ±0.01 for the 

dotted lines since the values of the autocorrelation were normalised with 

regards to Rxx(0). It was determined that the values in the interval between 

± 1% could be treated as being equal to zero. This interval was an estimate 

and further investigation can be performed to get a completely accurate 

interval. The autocorrelation indicates that a correlation length of more than 

350 seconds is needed, this is not a valid result. The signal needs to be filtered 

to remove some disturbing frequency component. To identify the frequency 

of this signal component, the signal A03Y was investigated with the aid of a 

power spectral density and a power spectrum. 
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figure 5.1.3 – Autocorrelation for τ > 0 for A03Y. 

 

5.1.1.2.2 Power Spectral Density of A03Y 

The following step was performed to determine whether the periodic 

component detected in the autocorrelation was a periodic component or if it 

had another origin. Two power spectral density (PSD) were produced. One 

with the block length N1=25,000 samples per interval and the other with the 

block length N2=100,000 samples per interval. Both PSDs were estimated 

using a Hanning window with 50% overlap. The two PSDs are displayed in 

figure 5.1.4. 
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figure 5.1.4 – Power Spectral Density for 0 < f < 100 [Hz] for A03Y, where N1=25,000 samples and 

N2=100,000 samples. 

The frequency interval commonly related with fatigue was chosen for 

displaying the PSDs in figure 5.1.4. To facilitate the observability of 

differences between the two PSD estimates another figure displaying a narrow 

frequency range is shown in figure 5.1.5 where it was clearly visible that the 

magnitude of the peaks at 1.4 and 2.4 Hz increases with increasing block 

length, N. This could indicate that these peaks originate from periodic 

components in the signal, but further testing was necessary. 
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figure 5.1.5– Power Spectral Density for 0 < f < 5 [Hz] for A03Y where N1=25,000 and N2=100,000 

samples. 

5.1.1.2.3 Power Spectrum of A03Y 

The power spectra PS of A03Y is shown in figure 5.1.6 and 5.1.7. The power 

spectrum was calculated with the same number as samples for N1 and N2 as 

was used for the power spectral densities PSDs. Hanning windows with 50% 

overlap was once again used to perform the calculations. 

 

figure 5.1.6 – Power spectrum for 0 < f < 100 [Hz] for A03Y, where N1=25,000 and N2=100,000. 
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From figure 5.1.7, it was clear that the peaks at 1.4 and 2.4 Hz was increasing 

in a similar manner for the power spectrum as it was for the PSDs. Thus, the 

PSDs and the PSs investigations of the signal were inconclusive, however, the 

autocorrelation function estimate indicated periodic signal components. The 

signal should be filtered for 1.4Hz and 2.4Hz to attenuate the periodic 

components of the response of lightly damped modes observable in the 

autocorrelation. 

 

figure 5.1.7 – Power spectrum for 0 < f < 5 [Hz] for A03Y, where N1=25,000 and N2=100,000 

samples. 

 

5.1.1.2.4 Filtering the signal A03Y 

A Butterworth notch filter was designed to attenuate the signal in the 

frequency range 1.4 to 3.4 Hz with a peak attenuation of 80dB, see 

figure 5.1.8.  
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figure 5.1.8–Butterworth notch filter for 1.4-3.4 Hz with -80dB attenuation. 

The impulse response of the filter is shown in figure 5.1.9. The length of the 

impulse response is approximately 2 seconds and thus, there will be a time 

delay of approximately 2 seconds before the filter reaches a “steady state 

response” and similar phenomenon appears when the end of the signal enters 

the filter. This is because it will take 2 seconds to “fill” the filter with input 

signal samples. Hence, response signal from the filter has to be modified to 

exclude the segments of start and end data in the beginning and the end of the 

signal. 
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figure 5.1.9 – Impulse response of the deigned Butterworth notch filter 

 

The modified signal was filtered and modified to not include the first and the 

last 2 seconds, 10,000 samples, of the filtered modified signal, see 

figure 5.1.10. These first and last 2 seconds in the filtered modified signal was 

ignored due to the impulse response. 

 

figure 5.1.10 – Filtered modified signal A03Y, filtered for 1.4-3.4Hz. 
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The autocorrelation for the filtered modified signal was estimated, see figure 

5.1.11.  

 

figure 5.1.11 – Autocorrelation for the filtered modified signal A03X, filtered for 1.4-3.4Hz. 

The autocorrelation amplitude decays within 1.2 seconds in to the accepted 

interval and the periodic pattern ends after 2.5 seconds, see figure 5.1.12. A 

correlation length of 2.5 seconds is therefore chosen to be used when dividing 

the filtered modified signal into intervals. 

 

figure 5.1.12 – The autocorrelation for the filtered modified signal A03Y, filtered for 1.4-3.4Hz, 

0 < 𝜏 < 5 seconds. 
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5.1.1.2.5 Moving average of the squared signal samples of A03Y 

The calculation of the moving average of the squared signal samples was 

executed to find an averaging time resulting in low variance in mean square 

vale estimates, while at the same time not distorting any non-stationary trends. 

By use of a trial-and-error method the mean square value was estimated as a 

function of time for several averaging times until an averaging time 

considered appropriate was selected. In figure 5.1.13 three estimates of the 

moving mean square value as a function of time produced with the averaging 

times 0.005, 0.1 and 0.5 seconds are displayed for the entire modified signal 

together with the squared signal samples.  

  

figure 5.1.13 – Squared signal samples and estimates of the mean square value as a function of time, 

averaging time T=0.005s, 0.1s 0.5s, signal A03Y. 

To select an adequate averaging time for the moving average procedure for 

the estimation of the mean square value as a function of time the time interval 

between 223.6 and 225.4 seconds was considered. In figure 5.1.14 the three 

estimates of the mean square values as a function of time and the squared 

signal samples are shown in the selected time interval. Based on an 

investigation of the graphs in figure 5.1.14 averaging time T=0.1 seconds was 

selected. 
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figure 5.1.14 – Squared signal samples and estimates of the mean square value as a function of time 

interval 223.6 < t < 225.4, averaging time T=0.005s, 0.1s 0.5s, signal A03Y. 

It is in some cases possible to calculate the optimum averaging time as a 

complement to the trial-and-error method. By choosing an arbitrary peak for 

the moving average of the squared signal samples with interval length 0.1 

seconds the width of the peak where its amplitude is approximately half its 

maximum amplitude can be identified according to figure 5.1.15.  
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figure 5.1.15 – Estimate of the mean square value as a function of time in the time interval 224.3< t < 

224.65, averaging time T=0.1s, signal A03Y. Observe, the peak value at 224.4s and the width of the 

peak at half of its peak value on each side of the peak. 

The width of the peak in the mean square value as a function of time shown 

in  figure 5.1.15 at half of its peak value estimated to be 0.0711 seconds. This 

value was subsequently used in combination with the approximation of the 

area under the power spectral density to calculate the optimum averaging time 

using the Matlab code in APPENDIX 1. This resulted in an optimum 

averaging time of 0.0943 seconds. However, by performing the calculation 

based on different peaks a large variation in the optimum averaging time 

values was observed. This was interpreted as an indication that the 

assumptions made for these calculations might not hold true for these kinds 

of signals. For this reason, the interval lengths selected based on the trial-and-

error method will be used for the stationarity tests of A03Y and the other 

signals that are studied. 

5.1.1.2.6 Kurtosis of A03Y 

The kurtosis of A03Y was also estimated based on moving averages, 

according to eq.( 13 ).The averaging time length T=0.1s was used for the 

estimation of the kurtosis as a function of time. The estimate of the kurtosis 

as a function of time for the signal A03Y is shown in figure 5.1.16. The 

average kurtosis for A03Y was calculated to 3.86. The calculation procedure 

is given in APPENDIX 1. 
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figure 5.1.16 – Estimate of the kurtosis as a function of time, averaging time T=0.1s, time interval 

0 < t < 600, signal A03Y. 

 

5.1.1.3 Test for stationarity of A03Y 

The final part in the analysis procedure for the signals was the test for 

stationarity. Based on the autocorrelation, a correlation length of 12,500 

samples was determined, which is equivalent to 2.5 seconds. This value was 

used to separate the intervals in the coming tests to keep the data in the 

intervals independent. From the moving mean square an interval length of 500 

samples was determined to be an optimum averaging time. The modified 

A03Y signal contained 2,819,953 samples for a total duration of 564 seconds. 

The modified signal could thus be divided into 216 intervals with independent 

data. The mean square value was calculated for each interval and the plot of 

those values is seen in figure 5.1.17.  
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figure 5.1.17 – Mean square values for each of the 216 intervals of the signal A03Y. 

The mean square values were then used as inputs for the reverse arrangement 

and runs tests to determine the stationarity of the signal, the results of which 

are displayed in chapter 6. 

5.1.2 Analysis of signal B03Y 

The signal B03Y was measured with an accelerometer positioned on the left 

side of the hydraulic tank mount and measures accelerations in the y-direction. 

The data for B03Y is collected when the hauler is loaded, a B measurement. 

5.1.2.1 Segmentation procedure of B03Y 

In figure 5.1.18, the original signal B03Y is shown. The signal has a length of 

884 seconds and had to be modified to making it include only valid data. 
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figure 5.1.18 –The original signal B03Y, 0 < t < 884 seconds. 

The modified signal is shown in figure 5.1.19, by including the valid data, the 

signal consists of two parts added together, which resulted in a new time 

duration of 723 seconds, or 3.613.002 samples. The Matlab code for the 

modification of the signal is given in APPENDIX 1. 

 

 

figure 5.1.19 –The modified signal B03Y, 0 < t < 723 seconds. 
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5.1.2.2 Identification procedure of B03Y 

The segmentation of the signal was followed by an identification. For B03Y 

a filtering process of the signal was performed to take away a frequency 

response that made the signal too much correlated to itself.  

5.1.2.2.1 Autocorrelation of B03Y 

The autocorrelation function was estimated is shown in figure 5.1.20. The 

autocorrelation function estimate indicates a correlation length of more than 

200 seconds for the signal and this will be problematic since it would lead to 

too few intervals in the stationarity tests. Thus, the signal was analysed 

concerning possible periodic components and influence of lightly damped 

modes, because those are typical causes to “long” correlation length in a 

signal. To identify such signal content typically power spectral density and a 

power spectrum are estimated for the signal. 

 

 

Figure 5.1.20 – The autocorrelation of the modified signal B03Y. 

5.1.2.2.2 Power Spectral Density of B03Y 

To identify if any narrow frequency interval in the signal should be attenuated 

to remove periodic components or responses of lightly damped modes, two 

power spectral densities were estimated, one with block length N1=25.000 

and one with block length N2=100.000, for the signal and they are shown in 

figure 5.1.21.  
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figure 5.1.21 – Power spectral density estimates of the modified signal B03Y, 0 < f < 100 Hz, where 

N1=25,000 and N2=100,000. 

In figure 5.1.22 a growing peak is shown at 2.4 Hz. Therefore, there may be 

a periodic component or mode that may affect the signal’s correlation length. 

Two power spectra (PS) were also estimated to see if the peak at 2.4 Hz is a 

periodic component. 

 

 

figure 5.1.22 – Power spectral density estimates of the modified signal B03Y, 0 < f < 10Hz, where 

N1=25,000 and N2=100,000. 
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5.1.2.2.3 Power Spectrum of B03Y 

A power spectrum (PS) was performed and can be seen in figure 5.1.23. The 

PS was calculated with the same value of N1 and N2 as in the power spectral 

density (PSD). 

 

 

figure 5.1.23 – Power spectrum for the modified signal B03Y, 0 < f < 100Hz, where N1=25,000 and 

N2=100,000. 

The spectra in figure 5.1.24 does not provide evidence of periodic components 

in the modified signal. But the autocorrelation function estimate indicates that 

there is some component with a periodic behaviour that extends the 

correlation length of the signal. Together with the calculated frequency from 

the autocorrelation and PSD estimates, it is suggested that 2.4Hz should be 

removed by filtering to investigate how the autocorrelation will be affected 

by such a measure. 
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figure 5.1.24 – Power spectrum of the modified signal B03Y, 0 < f < 14 Hz, where N1=25,000 and 

N2=100,000. 

 

5.1.2.2.4 Filtering B03Y 

A Butterworth notch filter was designed to attenuate the signal in the 

frequency range 1.4 to 3.4 Hz. The filter was chosen to provide up to 80db of 

attenuation. The filtered signal was modified to exclude the first and the last 

10,000 samples. This was done due to the time duration of the filters impulse 

response. The modified signal was filtered with the designed filter and it is 

illustrated in figure 5.1.25. The signal was modified to a length of 719 

seconds.  
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figure 5.1.25 – The filtered modified signal B03Y, frequency range of the notch 1.4 - 3.4Hz. 

In figure 5.1.26 the autocorrelation for the filtered signal is shown. From the 

autocorrelation, a clear reduction of the correlation length is observable. The 

signal is much less correlated and does not exit the ±0.01 interval for large 

values of τ. 

 

Figure 5.1.26 – The autocorrelation function estimate for the filtered modified signal B03Y, frequency 

range of the notch 1.4 - 3.4Hz. 
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The autocorrelation function estimate for 0≤τ≤8s is shown in figure 5.1.27. 

The autocorrelation is inside the ±0.01 interval after a time displacement of 

τ=1.2s. The periodic behaviour of the autocorrelation function ends at τ=1.5s. 

Thus, a correlation length of 7,500 samples will be used for the stationarity 

tests. 

 

Figure 5.1.27 – The autocorrelation estimate for the filtered modified signal B03Y, 0 < τ < 8 seconds. 

5.1.2.2.5 Moving average of the squared signal samples of B03Y 

The moving average of the squared signal samples of B03Y was calculated 

based on the notch-filtered signal. For the estimation of the mean square value 

as a function of time the averaging length used in the moving average of the 

squared signal samples were the same as for the signal samples in A03Y, see 

figure 5.1.28. 
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figure 5.1.28 –The squared samples and estimates of the mean square value as a function of time, 

averaging length T=0.005, T=0.1, T=0.5, signal B03Y. 

By looking closer at the interval between 187-189 seconds, seen in figure 

5.1.29, the estimate of the mean square value as a function of time produced 

using the averaging length T=0.1s provides a fairly “good” compromise 

between the bias and variance in the estimate. For that reason, an interval 

length of 0.1 seconds, or 500 samples were chosen to be used in the 

stationarity tests. No calculations for the optimum averaging time was 

performed since the calculations made for A03Y showed different results 

depending on which peak that was used in the calculations. 
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figure 5.1.29 – The squared samples and estimates of the mean square value as a function of time, 

averaging length T=0.005, T=0.1, T=0.5, time interval 187 < t < 189, signal B03Y. 

5.1.2.2.6 Kurtosis of the signal B03Y 

The kurtosis of B03Y was also estimated based on moving averages, 

according to eq.( 13 ). The averaging time length T=0.1s used for the 

estimation of the kurtosis as a function of time. The estimate of the kurtosis 

as a function of time for the signal B03Y is shown in figure 5.1.30. The 

average kurtosis for the signal B03Y was calculated to 1.56. The calculation 

procedure is given in APPENDIX 1. 
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figure 5.1.30 – Estimate of the kurtosis as a function of time, averaging time T=0.1s, time interval 

0 < t < 800, signal B03Y. 

5.1.2.3 Test for stationarity of B03Y 

For the stationarity tests, an interval length of 0.1s or 500 samples were used, 

and a correlation length of 1.5s or 7,500 samples. That resulted in 449 

intervals, N. The mean square value estimate for each interval can be seen in 

figure 5.1.31. The runs and the reverse arrangement tests were performed, and 

a result was obtained. 
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figure 5.1.31 – The mean square value estimates for each of the selected 449 intervals of the filtered 

modifed signal B03Y. 

5.1.3 Analysis of remaining hauler signals 

The signals A03Y and B03Y analysed in 5.1.1 and 5.1.2 are representative of 

the analysis procedure for signals originating from vibration measurements 

on the articulated hauler on the test track. The analysis carried out on the 

signals A03X, A03Z, A04X, A04Y, A04Z, B03X, B03Z, B04X, B04Y and 

B04Z are reported in APPENDIXES 2, 4-8 & 10-13.  

5.1.4 Analysis of a resampled signal 

All signals that are analysed in this thesis are sampled at 5000 Hz, however it 

is more common for signals to be sampled at 500 at Volvo CE. Therefore, the 

signal A03Y was resampled from 5000 Hz to 500 Hz. The resampling was 

done by a factor of 10. The signal was resampled with 80 dB attenuation. The 

resampled signal together with the original signal sampled with 5000 Hz is 

shown in figure 5.1.32. 
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figure 5.1.32 –The original signal sampled with 5000 Hz together with the resampled signal with 500 

Hz. 

The resampled signal was used to calculate its autocorrelation, see 

figure 5.1.33. As seen in the picture, the autocorrelation would produce a 

correlation length of more than 400 seconds and this will be problematic since 

it would lead to too few intervals in the stationarity tests. Thus, the signal was 

analysed concerning possible periodic components and influence of lightly 

damped modes because those are typical causes to “long” correlation lengths 

in a signal. To identify such signal content the power spectral density and 

power spectrum are estimated for the signal. 
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figure 5.1.33 – Estimation of the autocorrelation function for the resampled signal. 

To know what frequency that had to be filtered out, two power spectral density 

together with two power spectra were calculated and analysed. Two power 

spectral densities were calculated, see figure 5.1.34. One was calculated with 

a block length, N1, of 2,500 samples and the other one was calculated with a 

block length, N2, of 10,000 samples. Since the signal was resampled to 500 

Hz, the power spectral density was limited to 250 Hz according to the Nyqvist 

frequency, eq.( 1 ). 
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figure 5.1.34 - The power spectral density estimates for two curves calculated for the resampled 

signal with interval blocks of N1=2,500 and N2=10,000. 

 

By looking closer at the dominating peak at 2.4 Hz in the power spectral 

densities, see figure 5.1.35, it may be observed that its magnitude increases 

with increasing block length. This indicates that a periodic component may 

be a part of the resampled signal or the block length has to be further 

increased. Two power spectrums had to be calculated to investigate the peak 

at 2.4 Hz further. 
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figure 5.1.35 –The power spectral density estimates for the signal, calculated with two different 

interval lengths of 2,500 and 10,000. Showing a growing peak at 2.4 Hz. 

 

The two power spectra were estimated with the same block lengths as was 

used for the power spectral densities, which was 2,500 and 10,000 samples, 

see figure 5.1.36. 

 

figure 5.1.36 – The power spectrum for the resampled signal, calculated for two interval lengths of 

N1=2,500 and N2=10,000 samples. 
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By studying the same peak in the power spectrum, which was at 2.4 Hz, see 

figure 5.1.37, it could be observed that the magnitude of the peak was 

increasing for N2=10,000 compared to N1=2,500. Therefore, a periodic 

component at 2.4 Hz cannot be confirmed but since the autocorrelation 

indicated that a periodic component exists, the resampled signal was filtered 

to attenuate the resampled signal in a narrow frequency interval centred at 2.4 

Hz. 

 

figure 5.1.37 – The power spectrum for the resampled signal, shoing a growing peak at 2.4 Hz for 

N2=10,000 compared to N1=2,500 samples. 

A Butterworth notch filter was designed to attenuate the signal in the 

frequency interval 1.4-3.4 Hz with a maximal attenuation of 80 dB. The signal 

was filtered and the autocorrelation for the filtered resampled signal was 

estimated, see figure 5.1.38. The autocorrelation function estimate indicates a 

correlation length of more than 200 seconds for the signal and this will be 

problematic since it would lead to too few intervals in the stationarity test. 

Thus, no further analysis was relevant. 
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figure 5.1.38 – The autocorrelation for the filtered resampled signal. 

5.1.5 Analysis of a signal with 2% estimated region of acceptance 

The signal A03X was analysed with a 2% estimated region of acceptance for 

the autocorrelation function estimation. The signal was analysed the same 

way as in chapter 5.1.1 but for the filtered autocorrelation the estimated region 

of acceptance was increased to -0.02 to 0.02, see figure 5.1.39. As may be 

observed in the figure, the correlation function reaches the accepted interval 

much earlier as compared to if a 1% estimated region of acceptance would 

have been used, after only 0.1 seconds. But since there is a periodic pattern in 

the signal, the same correlation length of 2.5 seconds is selected. 
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figure 5.1.39 – The autocorrelation for the filtered signal A03X, with an estimated region of 

acceptance of 2%. 

When resampling the signal A03X to 500 Hz, it was seen in figure 5.1.38 that 

a correlation length of more than 200 seconds needed to be used. If an 

estimated region of acceptance of 2% is used instead of 1%, the 

autocorrelation estimate would reach the accepted area earlier, see 

figure 5.1.40. 

 

figure 5.1.40 – The autocorrelation for the resampled filtered signal A03X, with an estimated region 

of acceptance of 2%. 
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By looking closer at the beginning of the autocorrelation estimate, see 

figure 5.1.41. The correlation reaches the accepted interval of 2% after 1.2 

seconds but the periodic pattern is not observable after 2.5 seconds and a 

correlation length of 2.5 seconds may be selected.  

 

figure 5.1.41 – The autocorrelation for the filtered resampled signal A03X, with an estimated region 

of acceptance of 2%, 0 < 𝜏 < 8 seconds. 

The moving average for the resampled filtered signal was estimated and can 

be seen in figure 5.1.42 together with the squared samples curve for the 

resampled signal. 
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figure 5.1.42 – The moving average estimation for the resampled signal A03X for averaging lengths of 

0.005, 0.1 and 0.5 togheter with the squared samples curve. 

By looking closer at the interval between 290 and 294 seconds, seen in 

figure 5.1.43, The estimate of the mean square value as a function of time 

produced using the averaging length T=0.005 seconds follows the curve very 

closely but displays a lot of variance. The averaging length of 0.1 seconds 

could thus be chosen to be used in the stationarity tests. 

 

figure 5.1.43 – The moving average estimation for the resampled signal A03X for averaging lengths of 

0.005, 0.1 and 0.5 togheter with the squared samples curve, 290 < t < 294 seconds. 
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The kurtosis of the resampled signal could be calculated with an averaging 

time length of T=0.1s. The kurtosis was calculated according to previous 

theories and can be seen in figure 5.1.44. The average kurtosis for the 

resampled signal was calculated to 2.78. 

 

figure 5.1.44 – Kurtosis for 0 < t < 600. 

A correlation length of 2.5 seconds or 1,250 samples together with an interval 

length of 0.1 seconds or 50 samples were used for making the stationarity 

tests. The resampled signal was divided into 216 intervals. The mean square 

was estimated for each interval, see figure 5.1.45. These intervals were used 

to perform a runs test and a reverse arrangement test to check if the resampled 

signal was given the same interval distribution as for the signal A03X at 

original sampling rate. 
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figure 5.1.45 – The mean square valyes for each of the 216 intervals. 

5.2 Fatigue calculations 

The fatigue calculations are based on modal superposition where six signals 

measured at two different positions are used as input to calculate the duty of 

a weld at a different position.  

The fatigue life is expressed in percent and was calculated based on the 

different values for the duty. The duty was calculated with the Matlab 

functions PSDss and cpsd. The function PSDss is given in APPENDIX 1 and 

cpsd is a standard Matlab function. The duty was calculated by three different 

methods which are described below.  All methods were calculated by the 

mentioned Matlab functions, with different intervals depending on the 

method.  

When the duty was known for all three methods, the duty calculated by using 

weakly stationarity assumptions was set to be the base-line, unity for the 

empty case and unity for the loaded case. The ratio in fatigue life for the 

method by piecewise weakly stationary assumptions was calculated in percent 

by dividing the duty calculated by weakly stationary assumptions with the 

duty from the piecewise weakly stationary method. The difference in fatigue 

life for the method that considered the total error was performed in the same 

way, by dividing the calculated duty by weakly stationarity assumptions by 

the duty when considering the total error. The signals from the empty hauler 

denoted with an A were used to calculate the duty of a weld according to the 

three methods described in 4.6. The signals from the loaded hauler denoted 
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with a B was used to calculate the duty for the same weld and by using the 

same three methods.  

5.2.1 Fatigue life by weakly stationarity assumption 

The first method that was used to calculate the duty is the one that is currently 

in use at Volvo. In this method the six signals were assumed to be weakly 

stationary and were cut into segments similar to the method described in 4.5.1. 

The optimum interval length was calculated by using the related signals 

length, the damping which was estimated to 0.06, the first eigenfrequency was 

16.2 Hz and the sampling frequency at 5000 Hz. When the optimum interval 

length was determined, a spectral load matrix was produced which was used 

together with the damping, the eigenfrequencies, the modal stress tensor and 

the participation factor provided by Volvo, to calculate the PSD-response. The 

PSD-response was used to calculate the range pairs that in turn was used to 

calculate the duty. The duty was normalized to one and the fatigue life 

calculated based on stationarity assumptions was seen as 100% when 

comparing with the fatigue life for the other two methods. The fatigue life by 

weakly stationarity assumptions was calculated first for the signals from the 

empty hauler and then for the signals from the loaded hauler. 

5.2.2 Fatigue life by piecewise weakly stationary segmentation 

The second method used to calculate the duty is rooted in the definition of the 

power spectral density (PSD). The PSD:s were estimated using the Welch’s 

spectrum estimator that is defined for weakly stationary signals. Thus, the 

intervals of the vibration signals that may be assumed to be weakly stationary 

were determined. These intervals were based on the results from the 

stationarity tests which are shown in greater detail in 6.1.3 for both the empty 

and loaded hauler. 

A weakly stationary time interval for a signal can be divided into shorter 

intervals which are considered as weakly stationary. Therefore, the end value 

for each weakly stationary time interval was noted and combined into a 

condensed format, consisting of a sequence of time intervals and in each of 

the time intervals all six vibration signals could simultaneously be assumed to 

be weakly stationary. The series for the empty hauler is shown in figure 5.2.1 

and the series for the loaded hauler is shown in figure 5.2.2. 

 

figure 5.2.1 – The time intervals where the six vibration signals are simultaneosly weakly stationary 

measured on the empty hauler. 
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figure 5.2.2 – The time intervals where the six vibration signals are simultaneosly weakly stationary 

measured on  the loaded hauler. 

The duty was calculated for the empty case and the loaded case separately as 

in the chapter above with the difference that it was done for each interval seen 

in figure 5.2.1 and 5.2.2. Therefore, each interval from the combination of all 

weakly stationary intervals yielded a duty value, which was weighted by its 

relative length in time compared to the total length of the combined intervals. 

These weighted duty values were added into a total duty value, one for the 

empty case and one for the loaded case. The normalized fatigue life was 

calculated as: 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑓𝑎𝑡𝑖𝑔𝑢𝑟𝑒 𝑙𝑖𝑓𝑒 𝑜𝑓 𝑚𝑒𝑡ℎ𝑜𝑑 2 =
𝑑𝑢𝑡𝑦,𝑚𝑒𝑡ℎ𝑜𝑑 1

𝑑𝑢𝑡𝑦,𝑚𝑒𝑡ℎ𝑜𝑑 2
 

 
( 70 ) 

Where method 2 is by piecewise weakly stationary intervals and method 1 is 

by weakly stationarity assumptions and the baseline. This was calculated for 

the empty and loaded hauler separately. 

5.2.3 Fatigue life considering the total PSD error  

The third method for estimating the duty is an extension of the second method. 

The same piecewise weakly stationary intervals which were combined into 

combined intervals in figure 5.2.1 and figure 5.2.2 were used in this method, 

however, the total error for the power spectral density (PSD) estimates were 

also considered. The first eigenfrequency for the hauler was known to be 16.2 

Hz, the sampling frequency was always 5000 Hz and the damping was 

estimated in all cases to be 0.06. Therefore, the only variable to consider for 

selecting the optimum block length for the PSD estimation was the length of 

the 2weakly stationary2 time intervals. The total error of each segment was 

calculated where a result of 0.15 or lower meant that the segment was 

considered to be accurate and therefore kept for further calculations. The time 

intervals that correspond to accepted power spectral density estimates are 

shown in figure 5.2.3 for the empty hauler and the signals which met this 

requirement for the loaded hauler are shown in figure 5.2.4. 
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figure 5.2.3 – Time intervals enabling PSD estimates with a total error < 0.15 for the vibration 

signals measured on the empty hauler. 

 

 

 

figure 5.2.4 – Time intervals enabling PSD estimates with a total error < 0.15 for the vibration 

signals measured on the loaded hauler. 

 

These segments were used in the same way as in 5.2.2. The duty for the 

different intervals were estimated and weighted by the time interval’s relative 

length with respect to the total time of all the intervals, i.e. the sum of the 

interval times. The total duty for the empty and loaded haulers could thus be 

estimated by this method. The duty previously calculated by weakly 

stationarity assumptions was used to normalize the answers according to the 

method described in 4.7.1. A relation in the fatigue life between the two 

different methods could thus be calculated as: 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑠𝑒𝑑 𝑓𝑎𝑡𝑖𝑔𝑢𝑒 𝑙𝑖𝑓𝑒 𝑜𝑓 𝑚𝑒𝑡ℎ𝑜𝑑 3 =
𝑑𝑢𝑡𝑦,𝑚𝑒𝑡ℎ𝑜𝑑 1

𝑑𝑢𝑡𝑦,𝑚𝑒𝑡ℎ𝑜𝑑 3
 

 
( 71 ) 

Where method 1 is weakly stationarity assumptions and the baseline, method 

3 is considering the total error. The relations were calculated for both the 

values originating from the empty and the loaded hauler. 
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 6. Results 

In this chapter the results of the stationarity test will be presented together 

with the fatigue life calculations that resulted in six duty values. The 

stationarity tests will be presented together with the modified signal and the 

mean square values estimates to facilitate the observability of trends or non-

stationary segments. The duty values are normalised and presented in terms 

of fatigue life. 

6.1 Results for the stationarity tests 

The results of the stationarity test for the case of one vibration signal that is 

assumed to be weakly stationary and one vibration signal that is assumed to 

be piecewise weakly stationary will be presented in this subchapter together 

with a summary of the results from all the other stationarity tests. The kurtosis 

estimates for the vibration signals indicated that none of the vibration signals 

are likely to be stationary. 

6.1.1 Result of stationarity test for A03Y 

The vibration signal A03Y was found to be weakly stationary for the interval 

0-561.6 seconds, which was the whole signal. The results are presented 

together with the notch-filtered signal and the mean square values for the 

intervals used in the stationarity test in figure 6.1. 
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figure 6.1 – The notch-filtered signal, the mean square values for the intervals used in the stationarity 

test and the time intervals accepted as weakly stationary by the stationarity tests, signal A03Y. 

6.1.2. Result of stationarity test for B03Y 

The notch-filtered signal B03Y was found to consist of five piecewise weakly 

stationary intervals, see table 6.1. 

Table 6.1  –Piecewise weakly stationary intervals for B03Y. 

Interval 

number 

Interval start 

[s] 

Interval end 

[s] 

1 0 115.2 

2 115.2 185.6 

3 185.6 294.4 

4 294.4 451.2 

5 451.2 718.4 

The notch-filtered signal together with the mean square values for the 

intervals used in the stationarity tests and the piecewise weakly stationary 

intervals can be seen in figure 6.2. 
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figure 6.2 – The notch-filtered signal, the mean square values for the intervals used in the stationarity 

test and the time intervals accepted as weakly stationary by the stationarity tests, signal B03Y. 

6.1.3 Summary of stationarity tests 

From the results of the stationarity tests it may be stated that three of the 

vibration signals may be assumed to be weakly stationary and nine of the 

vibration signals may be assumed to be piecewise weakly stationary, see table 

6.2. The notch-filtered signal together with the mean square values for the 

intervals used in the stationarity tests and the weakly stationary interval or 

intervals are presented for each signal in their respective appendix. 

Table 6.2 –Piecewise and weakly stationary signals. 

Piecewise weakly stationary signals Weakly stationary signals 

A03X A04Y B03Z A03Y 

A03Z B03X B04Y A04Z 

A04X B03Y B04Z B04X 

The results for all stationarity tests are summarized in two figures. Figure 6.3 

displays the results from all stationarity tests for the signals originating from 
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the empty hauler and figure 6.4 displays the results from all stationarity tests 

for the signals originating from the loaded hauler.  

 
figure 6.3 – The time intervals accepted as weaklystationary by the stationrity tests for each of the 

signals measured on the empty hauler. 

 

figure 6.4 – The time intervals accepted as weakly stationary by the stationarity tests for each of the 

signals measuerd on the loaded hauler. 
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6.2 Results of fatigue calculations 

The results of the fatigue estimation are presented. Since the exact values of 

the duty are considered to be sensitive information to the company a decision 

was made to normalize the duty values and present them in terms of fatigue 

life. The values calculated while the signals were assumed to be weakly 

stationary are normalized to one and corresponding results produced using the 

two other methods scaled accordingly. 

6.2.1 Fatigue life for empty hauler 

The individual fatigue values that was calculated for each weakly stationary 

segment according to the piecewise weakly stationary segmentation method 

are displayed in table 6.3. Each value is normalized with regards to the duty 

calculated by assuming stationarity. The fourth column indicates whether the 

value for the total error was small enough to be considered for the methods 

considering the total error. 

Table 6.3  – Normalised fatigue life for each weakly stationary segment for the empty hauler. 

Interval 

number 

Normalised 

fatigue life 
Total error 

X = Total error < 0.15 

O = Total error > 0.15 
Weighted time 

1 85.3% 0.1081 X 32.57% 

2 81.7% 0.2247 O 7.18% 

3 100.5% 0.3540 O 3.11% 

4 146.7% 0.2681 O 5.14% 

5 90.4% 0.1318 X 21.71% 

6 96.6% 0.1505 O 16.54% 

7 44.8% 0.2191 O 7.88% 

8 35.4% 0.3022 O 4.16% 

9 49.1% 0.4479 O 1.71% 

The two intervals highlighted in table 6.3 fulfilled the requirement of the total 

error and could thus be used in the method considering the total error. The 

intervals concerned are shown once again in table 6.4, where the weighted 

time has now been calculated based on the total time of the two intervals. 

 

Table 6.4  – Normalised fatigue life for the weakly stationary segment which fulfilled the requirement 

of the total error for the empty hauler. 

Interval 

number 

Normalised 

fatigue life 
Total error Weighted time 

1 85.3% 0.1081 60% 

5 90.4% 0.1318 40% 
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The duty values were calculated with the three different methods for the 

signals originating from the empty hauler, one time independent and two time 

dependent. The respective duty values were used to calculate the relative 

fatigue life where the time independent method called assuming weakly 

stationarity was used as the baseline. The uncertainty associated with each 

method could also be determined and its effect on the fatigue life can be seen 

in table 6.5. 

Table 6.5  – Fatigue life for the different calculation methods based on signals from the empty hauler. 

An alternative way of displaying the fatigue life can be seen in figure 6.5, 

where the fatigue life together with its maximum and minimum values due to 

uncertainty are displayed as bars. The time independent method is displayed 

as a black bar and the two time dependent methods are displayed as white 

bars. The X marks the relative fatigue life and the bar is an illustration of the 

uncertainty associated with each method. 

 Calculation methods 

 

Assuming 

weakly 

stationarity 

Piecewise weakly 

stationary 

segmentation 

Total error 

consideration 

Calculated 

Fatigue life 

FL [%] 

100 78,4 87,2 

Uncertainty 

U [%] 
8,85 20,69 14,7 

Minimal 

fatigue life 

FL-U [%] 

91,15 62,18 74,38 

Maximal 

fatigue life 

FL+U [%] 

108,85 94,69 100,02 
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Assuming 

weakly 

stationarity 

Piecewise 

weakly 

stationary 

segmentation 

Considering 

the total error 

figure 6.5 – Results of fatigue life estimation using three methods for the empty hauler. 

6.2.2 Fatigue life for loaded hauler 

The individual fatigue life values that were calculated for each weakly 

stationary segment according to the piecewise weakly stationary segmentation 

method are displayed in table 6.6. Each value is normalized with regards to 

the fatigue life calculated by assuming weakly stationarity. The fourth column 

indicates whether the value for the total error was small enough to be 

considered for the methods considering the total error. 
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Table 6.6  – Normalised fatigue life for each weakly stationary segment for the loaded hauler. 

Interval 

number 

Normalised 

fatigue life 
Total error 

X = Total error < 0.15 

O = Total error > 0.15 
Weighted time 

1 92.7% 0.1352 X 16.04% 

2 130.9% 0.1727 O 9.80% 

3 83.7% 0.1389 X 15.15% 

4 116.3% 0.1753 O 9.58% 

5 94.2% 0.2366 O 5.12% 

6 72.5% 0.3542 O 2.23% 

7 124.1% 0.4087 O 1.78% 

8 64.7% 0.3023 O 3.12% 

9 69.1% 0.1594 O 11.58% 

10 55.0% 0.3341 O 2.49% 

11 86.1% 0.1308 X 17.11% 

12 39.1% 0.4087 O 1.78% 

13 98.9% 0.3023 O 3.12% 

14 145.8% 0.7076 O 0.50% 

15 587.2% 0.7074 O 0.58% 

The three intervals highlighted in table 6.6 fulfilled the requirement of the 

total error and could thus be used in the method considering the total error. 

The intervals concerned are shown once again in table 6.7, where the 

weighted time has now been calculated based on the total time of the three 

intervals. 

Table 6.7  – Normalised fatigue life for the weakly stationary segment which fulfilled the requirement 

of the total error for the loaded hauler. 

Interval 

number 

Normalised 

fatigue life 
Total error Weighted time 

1 92.7% 0.1352 33.21% 

3 83.7% 0.1389 31.36% 

11 86.1% 0.1308 35.43% 

 

The duty values were calculated with the three different methods for the 

signals originating from the loaded hauler, one time independent and two time 

dependent. The duty values were used to calculate the relative fatigue life 

where the time independent method called assuming weakly stationarity was 

used as the baseline. The uncertainty associated with each method could also 

be determined and its effect on the fatigue life can be seen in table 6.8. 

 



 

105 

Dahlman & Johansson 

 

Table 6.8 – Fatigue life and uncertainty for the different calculation methods based on signals from 

the loaded hauler. 

 

An alternative way of displaying the fatigue life can be seen in figure 6.6, where 

the fatigue life together with its maximum and minimum values due to 

uncertainty are displayed as bars. The time independent method is displayed as 

a black bar and the two time dependent methods are displayed as white bars. 

The X marks the relative fatigue life and the bar is an illustration of the 

uncertainty associated with each method. 

 

 

 

 

 Calculation methods 

 

Assuming 

weakly 

stationarity 

Piecewise 

weakly stationary 

segmentation 

Total error 

consideration 

Calculated 

Fatigue life 

FL [%] 

100 86,8 87,4 

Uncertainty 

U [%] 
8,02 22,65 17,28 

Minimal 

fatigue life 

FL-U [%] 

91,98 67,14 72,3 

Maximal 

fatigue life 

FL+U [%] 

108,02 106,46 102,5 
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Assuming 

weakly 

stationarity 

Piecewise 

weakly 

stationary 

segmentation 

Considering 

the total error 

figure 6.6 – Results of fatigue life estimation using the three methods for the loaded hauler. 

6.3 Results for the alternative methods 

By resampling the signal A03X and using the region of acceptance of 1% for 

the correlation length determination, no stationarity test could be performed. 

However, by using a region of acceptance of 2% for the correlation length 

determination of the notch-filtered resampled signal A03X, the stationarity 

test was manageable and A03X was found to be weakly stationary for two 

time intervals,  seen in table 6.9. 

Table 6.9 – Piecewise weakly stationary intervals for the resampled signal A03X. 

Interval 

number 

Interval start 

[s] 

Interval end 

[s] 

1 0 483.6 

2 483.6 561.6 

 

The resampled filtered signal together with the mean square values for the 

intervals used in the stationarity tests and the piecewise weakly stationary 

intervals can be seen in figure 6.7. 
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figure 6.7 - The notch-filtered signal, the mean square values for the intervals used in the stationarity 

test and the time intervals accepted as weakly stationary by the stationarity tests, signal A03X. 
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7. Analysis 

The result from the stationarity test for the signal A03Y showed that the signal 

may be assumed to be weakly stationary.  

Since two methods were combined to one when testing for stationarity, the 

result for A03Y can be seen as more valid compared to if only one of the 

stationarity test methods had been used. The result was highly dependent on 

the choice of a correct correlation length and interval length. A longer or 

shorter interval length or correlation length than necessary may have resulted 

in an incorrect result.  

The other signals for the case where the hauler was empty showed that 

depending on the direction and position of the measurement, the weakly 

stationary intervals for each signal were different.  

The signals did not have the same correlation lengths and the signal A04Y 

was notch-filtered for another frequency compared to the other signals 

originating from the empty hauler.  

The different weakly stationary intervals affected the calculation of the duty 

since too many small intervals resulted in a total error in the PSD estimates 

that was not acceptable for almost all the intervals. A total error of more than 

0.15 was not acceptable and that or higher was obtained for every interval 

except two for the empty hauler case and three for the loaded hauler case. 

For the vibration signals measured on the loaded hauler, each signal was 

notch-filtered for a frequency and that frequency was not always the same. 

The correlation length differed depending on which signal that was analysed. 

In a similar manner as for the result for the empty hauler, the weakly stationary 

intervals differed between the vibration signals. A large number of weakly 

stationary intervals obtained for the loaded hauler signals as compared to the 

empty hauler signals. This indicates different statistical properties for the 

loaded hauler signals as compared to the empty hauler signals. 

The results for the fatigue life was calculated in three ways respectively for 

the empty and the loaded hauler. The fatigue life from the method where all 

intervals in the piecewise weakly stationary segmentation were used was 

21.6% lower for the signals from the empty hauler as compared to its baseline 

and 13.2% lower for the signals from the loaded hauler as compared to the 

loaded hauler’s baseline. Since the total error in the PSD estimates excided 

0.15 for every interval except two for the empty hauler signals and for every 

interval expect three for the loaded haulers. A comparison to the method that 

considers the total error is however relevant. 

To get a more valid result, the fatigue life for a weld in the machine for the 

empty and the loaded hauler was calculated with a modified piecewise weakly 

stationary segmentation method that also consider the total error for the PSD 
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estimates. This resulted in a decrease in fatigue life of 12.8% for the empty 

hauler and 12.6% for the loaded hauler compared to each base line. The result 

for the empty hauler was increased from -21.6% to -12.8%, this may indicate 

that a greater total error in the PSD estimates affected the first result to yield 

a lower fatigue life estimate. 

For the loaded hauler, the result for using the piecewise weakly stationary 

method with all intervals and the method that also considered the total error 

for the PSD estimates, only including intervals with a total error of 0.15 and 

less, resulted in an increase in fatigue life from -13.2% to -12.6% 

The autocorrelation function estimate for the resampled A03X signal 

displayed a correlation length of more than 200 seconds using a region of 

acceptance of 1% and this will be problematic since it would lead to too few 

intervals in the stationarity tests. The increased correlation length was one 

result of the resampling, the bandwidth of the signal was reduced with a factor 

of ten and hence the correlation length of the resampled signal increased 

substantially as compared to the correlation length of the original signal.  

If the two methods of resampling and increasing the estimated region of 

acceptance were combined to one, a stationarity test for the resampled signal 

A03X when using an estimated region of acceptance of 2% in the 

autocorrelation estimation was possible to perform. By comparing the result 

for the resampled signal A03X that had an estimated region of acceptance of 

2% in the autocorrelation with the result from the same signal that was not 

resampled and had an estimated region of acceptance of 1%, it may be 

observed that there were two piecewise weakly stationary intervals in both 

results. These piecewise weakly stationary intervals were similar with the 

difference that for the resampled signal calculated with an estimated region of 

acceptance of 2%, the second interval started 28.4 seconds earlier than the 

second interval in the other result.  
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8. Discussion 

This chapter will be divided into three parts. The first part will be a discussion 

on the methods that were used in the thesis and the second part will discuss 

the results. The third part will discuss future research. The following 

discussion is set to elaborate on some of the thoughts and ideas that emerged 

during the writing process of this thesis. 

8.1 Method discussion 

When analysing the vibration signals measured on the articulated hauler when 

driving on a test track, some minor signal segment, 250 samples, of the 

measured signals for the empty hauler was corrupted and this time interval 

had to be removed from every signal for the empty hauler case.  

Basically, fatigue life estimation requires that each of the measured vibration 

signals are synchronised in time and have the same length. 

Before testing a signal for stationarity any periodic components in the signal 

should be identified and its influence on a subsequent stationarity test should 

be removed in order to avoid erroneous interpretations of the signals statistical 

properties.  

Therefore, the autocorrelation function estimates were checked for every 

signal and two power spectral densities (PSD) estimates and power spectrum 

(PS) estimates were produced for each signal.  

The autocorrelation function estimates together with the PSD estimates 

indicated that some periodic or narrow-band trends were present in each 

signal, but the PS estimate indicated the opposite. 

Further investigation with more valid data had to be performed to correctly 

state if there were any periodic trends in the signals. But since the 

autocorrelation and the PSD estimate indicated that periodic trends or narrow-

band trends existed, the signals were notch-filtered to attenuate a narrow 

frequency range centred at the concerned frequencies.  

The Butterworth notch-filter that was selected for filtering of each signal was 

designed to have the same bandwidth for respective signals. This was 

necessary in order to keep the notch-filter’s impulse response length 

approximately the same. The length of the impulse response is approximately 

2 seconds and thus, there will be a time delay of approximately 2 seconds 

before the filter reaches a “steady state response” and a similar phenomenon 

appears when the end of the signal enters the filter. This is because it will take 

2 seconds to “fill” the filter with the input signal samples. Hence, the response 

signal from the filter has to be modified to exclude the segments of start and 

end data in the beginning and the end of the signal.  
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The signal A04Y had, however to be notch-filtered over a broader frequency 

range than 0.3-2.3Hz in order to sufficiently attenuate the narrowband trend 

in the signal. 

The correlation length of each vibration signal was estimated with the aid of 

autocorrelation function estimates for respective vibration signal. Since the 

autocorrelation function estimator that was used is defined for a weakly 

ergodic signal or signal segment is should be observed that the correlation 

lengths that was estimated for the signals that were found to be piecewise 

weakly stationary may not be accurate. 

The region of acceptance, while assuming that an autocorrelation function 

estimate has assumed the value zero, that was used in the autocorrelation 

estimate was 1%. Since an autocorrelation function estimate can decay slowly 

towards zero while it continues to display stochastic variations about the value 

zero, it is desirable to make an assumption concerning at what time lag 𝜏 the 

autocorrelation can be considered to be zero. One way to do that is for instance 

to construct a symmetric interval about zero and to select the lowest value for 

the time lag 𝜏0 when the autocorrelation function assumes a value inside the 

interval and for all the greater time lags. 

The question of when an autocorrelation function estimate can be assumed to 

be zero may be addressed with the aid of hypothesis testing, however, this has 

not been done in this study due to lack of time. Therefore, a region of 

acceptance of 1% for assuming that an autocorrelation function estimate has 

assumed the value zero was chosen based on engineering judgement. If a 

smaller region of acceptance had been selected, the resulting correlation 

lengths would have made any stationary testing impossible because of lack of 

data. 

A test of using a region of acceptance of 2%, for assuming that an 

autocorrelation function estimate has assumed the value zero, resulted in the 

same correlation length for the signal A03X as obtained using region of 

acceptance of 1%. The only time when an estimated region of acceptance of 

2% changed the correlation length was when the signal A03X was resampled 

to 500 Hz. In this case the bandwidth of the signal was reduced with a factor 

of ten and when reducing the bandwidth of a random signal its correlation 

length generally increases. By resampling and using an estimated region of 

acceptance of 2% the result was less reliable, since less data is used.  

For the stationarity tests, sequences of mean square value estimates for the 

respective vibration signal was used. The interval lengths for the estimates of 

the mean square values was chosen to 0.1 seconds for all signals. Since all 

signals have the same length respectively for the empty and loaded hauler and 

display shifts in mean square values at about the same rate, the interval length 

was not investigated further. 
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The selection of interval length of 0.1 or 500 samples was chosen by studying 

the moving average graphs together with the graphs for the squared samples. 

According to the moving average analyse of the square value as a function of 

time; a greater averaging length resulted in a degraded ability of the estimates 

of the mean square value as a function of time to follow the graph of the 

squared samples. 

The runs and the reverse arrangement tests both test a signal if it may be 

assumed to be weakly stationary. The choice of combining them into one was 

made to make the result more reliable. Another was of analysing a signal to 

see if it is weakly stationary could be done by only studying estimates of the 

mean square value as a function of time produced based on moving averages 

using suitable averaging lengths. The signal could be divided into intervals 

depending on where the estimates of the mean square value as a function of 

time were approximately constant. 

8.2 Result discussion 

From the results from the estimation of the kurtosis for each signal it was 

found that the kurtosis estimates were time varying, similar to the case of 

estimates of the mean square value as a function of time. This strengthened 

the conclusion that the vibration signals may not be considered as stationary 

in a strict sense. 

The reverse arrangement and runs tests are both valid tests for stationarity and 

the combination of the two results in a reliable result. However, neither 

considers the magnitude in the shifts of the mean squares. The runs test 

converts the data to + and –, and the reverse arrangements calculates the 

number of subsequent values that are smaller than the current one. Even 

though the reverse arrangement test considers the difference in mean square, 

it is reduced to a “Yes or no” question, where the actual difference in 

magnitude is neglected. 

By studying plots of estimates of the mean square value as a function of time 

for the different signals, peaks of what seems to be non-stationary trends or 

segments can be distinguished even for most of the signals that were found to 

be weakly stationary. A method that considers the shifts in magnitude of the 

mean square values would be an interesting addition to the methods that were 

used in this thesis.  

The periodic components that were attenuated using a Butterworth notch-

filter were considered as a cause of erroneous interpretations of the signals 

statistical properties by the test for stationarity. This follows from the fact that 

the tests for stationarity are designed to detect trends and periodic components 

in a signal. Thus, any periodic components in the signals had to be removed 

prior to the test for stationarity. 



 

113 

Dahlman & Johansson 

 

There were no apparent similarities between the weakly stationary intervals 

that were found for the empty and loaded haulers. Since the signals originated 

from separate tests with different lengths and conditions, where the main 

difference is the presence of a load, an assumption that the intervals should 

overlap or correlate between the two tests is not valid. It should also be noted 

that there were no overlap between weakly stationary intervals. Otherwise it 

could have been feasible that for the signals which originate from the empty 

hauler, A03Y and A04Z the corresponding signals from the loaded hauler 

would also be weakly stationary, since they are measuring the same position 

and direction. Clearly this was not the case, see subsection 6.1.3. The only 

signal measured on the loaded hauler that may be assumed to be weakly 

stationary was B04X. This further strengthens the conclusion that all signals 

must be analysed individually, and the phenomena of weakly stationary 

signals cannot be assumed for one signal based on the results of another. 

The results obtained by the method used to estimate fatigue life based on 

piecewise weakly stationary segmentation resulted in the lowest duty value 

for both cases. The obtained values for the fatigue life were 21.6% and 13.2% 

lower as compared to the case where the assumption of weakly stationarity, 

the measured signal was assumed to be weakly stationary, for the empty and 

loaded haulers respectively. Regarding the method used to estimate fatigue 

life based on piecewise weakly stationary segmentation and the total error in 

the power spectral density estimates. The obtained values for the fatigue life 

were 12.8% and 12.6% lower compared to the assumption of weakly 

stationarity for the empty and loaded haulers respectively.  

In the case of the empty hauler, there is a significant decrease in the estimated 

fatigue life for the two time dependent methods.  

The method based on piecewise weakly stationary segmentation and the total 

error in the power spectral density estimates both satisfies the requirement 

that the power spectral density (PSD) should be based on a stationary signal 

and the requirement regarding the level of the total error. Thus, it might be 

argued that this method may be considered as the most reliable for the 

estimation of the fatigue life. For this reason, the fatigue life estimated using 

the method based on piecewise weakly stationary segmentation and the total 

error in the power spectral densities estimates would be appropriate to 

compare with the fatigue life estimated assuming the vibration signals are 

weakly stationary. 

Likewise, for the loaded hauler there is a difference in the estimates of the 

fatigue life for the two methods based on piecewise weakly stationary 

intervals. The difference in fatigue life estimates in this case is less than one 

percent. The method which uses the piecewise weakly stationary intervals and 

a total error of less than 0.15 in the PSD estimates is still considered to 

produce the most reliable estimate since it fulfils both the requirement of a 

weakly stationary signal for the PSD and the total error requirement. 
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It has been established that both fatigue life values based on the methods 

which considers the piecewise weakly stationary intervals are shorter than the 

estimated fatigue life based on assuming that the vibration signals are weakly 

stationary. It can therefore be determined that at least in the case for the signals 

analysed in this thesis it is less conservative to make an assumption of weakly 

stationarity for the signals. This means that the actual life of the weld 

considered is slightly shorter, compared to what was previously estimated.  

Since the difference between the time dependent and time independent 

methods is fairly insignificant there is no acute risk of failures. However, it is 

likely to be beneficial to increase the accuracy of the estimates of the loads 

and subsequent fatigue life. If the fatigue life is known to be of higher 

accuracy there is less need for high safety factors, which might lead to higher 

efficiency, lower costs for materials and a higher amount of payload being 

moved per unit of fuel. 

8.3 Future research 

Since the autocorrelation estimate is only defined for weakly stationary 

signals, some future research of how the correlation length could be extracted 

by a method that is not limited to weakly stationarity assumptions could be 

examined to strengthen the reliability of the stationarity tests. Furthermore, 

how to choose the correlation length from the autocorrelation estimate can 

also be investigated further, since the used region of acceptance was estimated 

and not theoretically zero.  

The interval length that was chosen from the moving average did not produce 

an exact value, neither did the calculation of optimum averaging time. Thus, 

a new method for extracting the interval length of a signal with higher 

accuracy is of interest to further increase the reliability. 

The possibility to shift the piecewise weakly stationary intervals in time based 

on variations in correlation and interval lengths is of interest, since it might 

open up the possibility to merge end points of the piecewise weakly stationary 

intervals and thus eliminate some of the shorter intervals. 

The accuracy of the fatigue life calculations is highly dependent on the total 

error of each signal segment. The effects of the total errors which extends over 

the accepted limit needs further investigation and a possible method to reduce 

the total error might bring some interesting developments. An additional 

alternative would be to investigate the possibility of a method that is able to 

accurately calculate the duty no matter the size of a segment. Also, the 

dependency of the result with regards to how much data the signal consists of 

needs further consideration.  
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9. Conclusions 

It has become clear that any data that is collected must be interpreted in a 

correct and accurate manner. Otherwise the investment associated with 

carefully collecting the data will be in vain and the validity of the results will 

decrease. The last chapter of the thesis will act as the concluding remarks and 

a connection to the hypothesis will be made. The hypothesis was previously 

stated as: 

I. “The vibrational loading in articulated haulers will not fulfil the 

requirements of weakly stationarity assumptions.”  

II. “Since the weakly stationarity assumptions are not fulfilled, a time 

dependent method will be necessary to accurately depict the 

vibrational loading.” 

Based on the results presented in the thesis the first part of the hypothesis has 

been proven to be true, since most signals could be assumed to be piecewise 

weakly stationary. The second part of the hypothesis needs to be further 

investigated to accurately state if a time dependent method is necessary. In 

the case of the signals analysed in this thesis, the difference in result was not 

large enough to state that the time dependent methods had to be used. This is 

due to an overlap in the uncertainty intervals for the different methods. 

However, this might not be the case for other signals. When it comes to the 

fatigue life it may be stated that the time dependent method which considers 

the total error in the PSD estimates is likely to be the most accurate method. 

It fulfils both the requirement of weakly stationarity, while at the same time it 

manages to keep the total error at a desired level.  

It is in no way satisfactory to base a new general theory of the fatigue life on 

the data presented in this thesis. However, what should be noted is that for 

both the empty and the loaded hauler, the fatigue life estimates decreased 

based on the methods that considered the piecewise stationary intervals. Thus, 

it may be hypothesised that the methods based on piecewise weakly stationary 

intervals are more conservative compared to the method based on the 

assumption that vibration data is weakly stationary, which is currently used. 

The discrepancy in the results for the different methods is however not large 

enough to warrant a change in method for the data analysed in this thesis. 

A final remark, considering the data that was analysed throughout this thesis. 

The assumption of weakly stationarity is likely to be inaccurate for most of 

the signals, since they were found to be piecewise weakly stationary. To 

obtain signals that are weakly stationary or piecewise weakly stationary for a 

larger segment of the signals. It is recommended that the driving tests are 

altered to enable the production of vibration responses of a hauler that are 

weakly stationary or with piecewise weakly stationary intervals having a 

greater time duration. The driving tests may be altered to enable the 
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production of weakly stationary segments with considerably longer time 

duration and/or that the time duration of the driving tests are increased 

substantially to enable the measurement of a greater number of piecewise 

weakly stationary segments. 
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%Rikard Dahlman & Ebba Johansson LNU 2018 

%----- Loading & segmentation of the signal ----- 

clear all 

clc 

close all 

%Load file 

load('setup1_type_a_1.mat');                    

%Define the sampling frequency 

Fs=setup1_a1.Fs;                                

%Choose which column of the data matrix to use 

data_col=1;                                     

%Create a vector with the chosen column 

data=setup1_a1.data(:,data_col);                

%Define the time for the data 

t=(0:length(data)-1)./Fs;                       
  

figure, plot(t,data,'black')               %Plot the whole signal 

xlabel('time [s]','fontsize',18)           %Define the xaxis 

ylabel('acceleration [g]','fontsize',18)   %Define the yaxis 

  

%cut out the first test run 

p1=setup1_a1.data(110000:1550000,data_col);     

%cut out the second test run 

p2=setup1_a1.data(1650000:3050000,data_col);    

%Combine the testruns into one signal 

cut=[p1', p2'];              

%Define the time for the modified signal 

t=(0:length(cut)-1)./Fs;     
  

figure,plot(t,cut,'black')              %Plot the modified signal 

xlabel('time [s]','fontsize',18)        %Define the xaxis 

ylabel('acceleration [g]','fontsize',18)%Define the yaxis   
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%Rikard Dahlman & Ebba Johansson LNU 2018 

% ----- Autocorrelation ----- 

%Calculate the autocorrelation and normalize it 

[Rxx,lags]=xcorr(cut,'coeff');                  

%Use only the positive values for Rxx 

Rxx=Rxx(lags>=0);                               

%Use only the positive values for lags 

lags=lags(lags>=0)./Fs;                         
                            

lim_hi=0.01;       %Define the upper limit value for the interval 

lim_lo=-0.01;      %Define the lower limit value for the interval 

l=length(lags);    %Define the length of the autocorrelation 

ett=ones(l,1);     %Create a matrix with ones 

%Define the upper limit as a vector with the same length as the 

autocorrelation 

lim_hi=ett*lim_hi;  

%Define the lower limit as a vector with the same length as the 

autocorrelation 

lim_lo=ett*lim_lo;                              

  

%Plot the autocorrelation together with the limits 

figure, plot(lags, Rxx,'black',lags,lim_lo,'black --

',lags,lim_hi,'black --')  

xlabel('time displacement [ \tau  ]','fontsize',18) %Define xaxis 

ylabel('Autocorrelation  Rxx(\tau)','fontsize',18)  %Define yaxis 
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%Rikard Dahlman & Ebba Johansson LNU 2018 

% ----- Filtering the signal ----- 

%Design a butterworth notch filter with -80dB, a width of 1.4-3.4 

d = designfilt('bandstopiir','FilterOrder',6, ...            

               

'HalfPowerFrequency1',1.4,'HalfPowerFrequency2',3.4, ... 

               'DesignMethod','butter','SampleRate',Fs); 

      

fvtool(d,'Fs',Fs)                       %Plot the notch filter 

cutfilt = filtfilt(d,cut);              %Filtering the signal 

cutfilt=cutfilt(10001:2829953); 

t=(0:length(cutfilt)-1)./Fs; 

%Plot the modified signal and the filtered signal 

figure, plot(t,cutfilt,'black')  

xlabel('time [s]','fontsize',18)          %Define the xaxis 

ylabel('acceleration [g]','fontsize',18)  %Define the yaxis 

legend('Filtered 1.4-3.4Hz')       %Define the curves 

grid 

  

%Calculate the autocorrelation for the filtered signal and 

normalize it 

[Rxx, lags]=xcorr(cutfilt,'coeff');          

Rxx=Rxx(lags>=0);          %Use only the positive vaules for Rxx 

lags=lags(lags>=0)./Fs;    %Use only the positive values for lags 

  

lim_hi=0.01;       %Define the upper limit value for the interval 

lim_lo=-0.01;      %Define the lower limit value for the interval 

l=length(lags);    %Define the length of the autocorrelation 

ett=ones(l,1);     %Create a matrix with ones 

%Define the upper limit as a vector with the same length as the 

autocorrelation 

lim_hi=ett*lim_hi;                              

%Define the lower limit as a vector with the same length as the 

autocorrelation 

lim_lo=ett*lim_lo;                              

  

%Plot the autocorrelation for the filtered signal together with 

the limits 

figure,plot(lags, Rxx,'black',lags,lim_lo,'black --

',lags,lim_hi,'black --')  

%Define the xaxis 

xlabel('time displacement [ \tau  ]','fontsize',18)  

%Define the yaxis 

ylabel('Autocorrelation  Rxx(\tau)','fontsize',18)                            

%Name the plot 

legend('Filtered 1.4-3.4 Hz')                                                 

  

cut=cutfilt;%Replace the modified signal with the filtered signal 
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%Rikard Dahlman & Ebba Johansson LNU 2018 

% ----- Power spectral density with two different sample lengths 

in the same plot ----- 

N1=25000;         %N1 is the interval length for the first curve 

N2=100000;        %N2 is the interval length for the second curve 

k=0.5;            %k is the overlap coefficient 

  

%create a PSD with a hanning window 

[pxx,f]=PSDss(cut,N1,Fs,hanning(N1),(k*N1));          

%plot the first curve 

figure, plot(f,10*log10(pxx),'color', [0.6 0.6 0.6])  

hold on 

%create a PSD with a bigger interval 

[pxx,f]=PSDss(cut,N2,Fs,hanning(N2),(k*N2)); 

plot(f,10*log10(pxx),'black')           %Plot in the same figure 

xlabel('Frequency (Hz)','fontsize',18)  %Define the xaxis 

ylabel('Power Spectral Density (dB rel 

(m/s^2)^2/Hz)','fontsize',18)           %Define the yaxis 

legend('\fontsize{15}N1','\fontsize{15}N2') %Define the curves 

xlim([0 100]);                              %Limit the xaxis         

hold off 

  

% ----- Power spectrum with two different sample lengths in the 

same plot ----- 

%create a PS with a hanning window and plot 

[pxx,f]=PSss(cut,N1,Fs,hanning(N1),(k*N1));  

figure, plot(f,10*log10(pxx),'color', [0.6 0.6 0.6]) 

hold on 

%create a PS with a bigger interval 

[pxx,f]=PSss(cut,N2,Fs,hanning(N2),(k*N2));      

plot(f,10*log10(pxx),'black')            %Plot in the same figure 

xlabel('Frequency (Hz)','fontsize',18)   %Define the xaxis 

ylabel('Power Spectrum  (dB rel (m/s^2)^2/Hz)','fontsize',18) 

%Define the yaxis 

legend('\fontsize{15}N1','\fontsize{15}N2')                   

%Name the curves in the plot 

xlim([0 100]);                           %Limit the xaxis 

hold off 
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% Original Matlab function 

% ----- Power Spectral Density (PSD) & Power Spectrum (PS) ----- 

%The PSD function estimate was called PSDss:  

%Power Spectral Density single sided 

 

%The PS function estimate was called PSss:  

%Power Spectrum single sided 

 

function [Pxx, Pxxc, f] = PSss(varargin) 

%PSD Power Spectral Density estimate. 

%   PSD has been replaced by PWELCH. 

%   Type help PWELCH for details. 

% 

%   Single sided Power Spectrum 

%   See also PERIODOGRAM, PBURG, PCOV, PMCOV, PYULEAR, PMTM, 

PMUSIC, PEIG. 

  

%   Author(s): T. Krauss, 3-26-93 

%   Copyright 1988-2012 The MathWorks, Inc. 

  

%   NOTE 1: To express the result of PSD, Pxx, in units of 

%           Power per Hertz multiply Pxx by 1/Fs [1]. 

% 

%   NOTE 2: The Power Spectral Density of a continuous-time 

signal, 

%           Pss (watts/Hz), is proportional to the Power Spectral  

%           Density of the sampled discrete-time signal, Pxx, by 

Ts 

%           (sampling period). [2]  

%        

%               Pss(w/Ts) = Pxx(w)*Ts,    |w| < pi; where w = 

2*pi*f*Ts 

  

%   References: 

%     [1] Petre Stoica and Randolph Moses, Introduction To 

Spectral 

%         Analysis, Prentice hall, 1997, pg, 15 

%     [2] A.V. Oppenheim and R.W. Schafer, Discrete-Time Signal 

%         Processing, Prentice-Hall, 1989, pg. 731 

%     [3] A.V. Oppenheim and R.W. Schafer, Digital Signal 

%         Processing, Prentice-Hall, 1975, pg. 556 

  

narginchk(1,7) 

  

x = varargin{1}; 

[msg,nfft,Fs,window,noverlap,p,dflag]=psdchk(varargin(2:end),x); 

%if ~isempty(msg), error(msgobj); end 

  

% compute PSD 

window = window(:); 

n = length(x);          % Number of data points 

nwind = length(window); % length of window 

if n < nwind            % zero-pad x if it has length less than 

the window length 

    x(nwind)=0;  n=nwind; 
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end 

% Make sure x is a column vector; do this AFTER the zero-padding  

% in case x is a scalar. 

x = x(:);        

  

k = fix((n-noverlap)/(nwind-noverlap)); % Number of windows 

                                        % (k = fix(n/nwind) for 

noverlap=0) 

%   if 0 

%       disp(sprintf('   x        = (length %g)',length(x))) 

%       disp(sprintf('   y        = (length %g)',length(y))) 

%       disp(sprintf('   nfft     = %g',nfft)) 

%       disp(sprintf('   Fs       = %g',Fs)) 

%       disp(sprintf('   window   = (length %g)',length(window))) 

%       disp(sprintf('   noverlap = %g',noverlap)) 

%       if ~isempty(p) 

%           disp(sprintf('   p        = %g',p)) 

%       else 

%           disp('   p        = undefined') 

%       end 

%       disp(sprintf('   dflag    = ''%s''',dflag)) 

%       disp('   --------') 

%       disp(sprintf('   k        = %g',k)) 

%   end 

  

index = 1:nwind; 

 

%PSD: 

%KMU = k*norm(window)^2*Fs/2;   % Normalizing scale factor ==> 

asymptotically unbiased 

%PS: 

KMU = k*sum(window)^2;          % alt. Nrmlzng scale factor ==> 

peaks are about right 

  

Spec = zeros(nfft,1); % Spec2 = zeros(nfft,1); 

for i=1:k 

    if strcmp(dflag,'none') 

        xw = window.*(x(index)); 

    elseif strcmp(dflag,'linear') 

        xw = window.*detrend(x(index)); 

    else 

        xw = window.*detrend(x(index),'constant'); 

    end 

    index = index + (nwind - noverlap); 

    Xx = abs(fft(xw,nfft)).^2; 

    Spec = Spec + Xx; 

%     Spec2 = Spec2 + abs(Xx).^2; 

end 

  

% Select first half 

if ~any(any(imag(x)~=0)),   % if x is not complex 

    if rem(nfft,2),    % nfft odd 

        select = (1:(nfft+1)/2)'; 

    else 

        select = (1:nfft/2+1)'; 

    end 
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    Spec = Spec(select); 

%     Spec2 = Spec2(select); 

%    Spec = 4*Spec(select);     % double the signal content - 

essentially 

% folding over the negative frequencies onto the positive and 

adding. 

%    Spec2 = 16*Spec2(select); 

else 

    select = (1:nfft)'; 

end 

freq_vector = (select - 1)*Fs/nfft; 

  

% find confidence interval if needed 

if (nargout == 3) || ((nargout == 0) && ~isempty(p)), 

    if isempty(p), 

        p = .95;    % default 

    end 

    % Confidence interval from Kay, p. 76, eqn 4.16: 

    % (first column is lower edge of conf int., 2nd col is upper 

edge) 

    confid = Spec*chi2conf(p,k)/KMU; 

  

    if noverlap > 0 

        warning(message('signal:psd:InaccurateResult')); 

    end 

end 

  

Spec = Spec*(1/KMU);   % normalize 

  

% set up output parameters 

if (nargout == 3), 

   Pxx = Spec; 

   Pxxc = confid; 

   f = freq_vector; 

elseif (nargout == 2), 

   Pxx = Spec; 

   Pxxc = freq_vector; 

elseif (nargout == 1), 

   Pxx = Spec; 

elseif (nargout == 0), 

   if ~isempty(p), 

       P = [Spec confid]; 

   else 

       P = Spec; 

   end 

   newplot; 

   plot(freq_vector,10*log10(abs(P))), grid on 

   xlabel('Frequency'), ylabel('Power Spectrum Magnitude (dB)'); 

end 
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%Rikard Dahlman & Ebba Johansson LNU 2018 

% ----- Moving mean square value ----- 

%Create a vector with the square of each element of the signal 

cut_sq=(cut).^2;                         

%Specify the length of the signal        

t=(0:length(cut_sq)-1)./Fs;                     

  

% Create 3 different moving mean curves with different widths 

T1=0.005 ;                    %Choose the first averaging time 

T2=0.1 ;                      %Choose the second averaging time 

T3=0.5;                       %Choose the third  averaging time 

%Calculate the moving mean for the first averaging time 

m1=movmean(cut_sq,T1*Fs);                

%Calculate the moving mean for the second averaging time 

m2=movmean(cut_sq,T2*Fs);                

%Calculate the moving mean for the third averaging time 

m3=movmean(cut_sq,T3*Fs);                

%Plot the moving mean square curves and cut_sq 

figure,plot(t,cut_sq,'color',[0.8 0.8 0.8])  

hold on 

plot(t,m1,'color',[0.5 0.5 0.5],'Linewidth',1) 

plot(t,m2,'black -.','Linewidth',2) 

plot(t,m3,'black ','Linewidth',2.5) 

xlabel('time [s]','fontsize',18)                

ylabel('Moving mean square [g^2]', 'fontsize',18) 

legend('\fontsize{15} squared samples',... 

    ['\fontsize{15} T=' num2str(T1) 's'],... 

    ['\fontsize{15} T=' num2str(T2) 's'],... 

    ['\fontsize{15} T=' num2str(T3) 's']) 

%If a particular interval is of interest 

axis([223.6 225.4 0 0.4]) 

hold off 

 

% ----- Calculating the optimal value ----- 

%Choose TD from the best moving mean square curve by looking at a 

peak and picking out the half amplitude width. 

TD=0.0051;                                           

%Calculate CT  

CT=((2*pi)/(3*TD))^4;                                

%Create a PSD 

[Gxx,f]=PSDss(cut,10000,Fs,hanning(10000),0.5*10000);   

%Calculate Bs 

Bs=(trapz(f,Gxx))^2/(trapz(f,Gxx.^2));                  

%Calculate the optimum averaging time 

T0=(144/(Bs*CT))^(1/5)                                  
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%Rikard Dahlman & Ebba Johansson LNU 2018 

% ----- Kurtosis ----- 

%Use the same averaging time as for the moving mean square values 

T=0.1;                   

stop=size(cut);         %Create Define upper limit for loop 

m=mean(cut);            %Calculate the mean of the values 

cut=cut-m;              %Subtract the mean from the data vector 

kurtosis=zeros(stop(2),1); %Define kurtosis vector 

%Create a loop that calculates the kurtosis for all signals 

for i=1:stop(2) 

cut_2=(cut(:,i)).^2;         %Square the data 

x2mean=movmean(cut_2,T*Fs);  %Calculate the moving mean for cut_2 

cut_4=(cut(:,i)).^4;         %Raise the data to a power of 4 

x4mean=movmean(cut_4,T*Fs);  %Calculate the moving mean for cut_4 

  

kurt=(x4mean./x2mean.^2)-3;    %Calculate the kurtosis over time 

  

%Average Kurtosis for the data 

kurtosis(i)=mean(x4mean)/(mean(x2mean)^2)-3;  

  

t=(0:length(cut_4)-1)./Fs;  %Define a time vector 

figure, plot(t,kurt,'k')    %Plot the kurtosis over time for 

ylabel('Kurtosis'), xlabel('time [s]') 

if i == 1 

legend('B03X') 

elseif i ==2 

legend('B03Y') 

elseif i ==3 

legend('B03Z') 

elseif i ==4 

legend('B04X') 

elseif i ==5 

legend('B04Y') 

elseif i ==6 

legend('B04Z') 

end 

end 
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function [s] = stat_test(S,Fs,Tau,L) 

% This function calculates the weakly stationary intervals of a 

% signal by the reverese arrangements and run tests. A 95% 

% confidence interval is commonly used for the tests. Both tests 

% must be passed for any interval to be considered as weakly 

% stationary. The weakly stationary intervals will be presented 

% in a matrix with start and end times for the intervals in the 

% two columns. The number of rows is dependent on the number of 

% intervals. The teststat_mod function called for to calculate 

% status1 & status 2 is a modified version of the function 

% teststat developed by A. Brandt. It is modified to calculate 

% the runs test based on the median. Teststat can be found in the 

% ABRAVIBE toolbox. 

%    

% Call:     [s] = stat_test(S,Fs,Tau,L) 

% 

% Input:      S = The signal to be analysed.             [1 x n] 

%            Fs = The sampling frequency of the signal.  [1 x 1] 

%           Tau = The correlation length of the signal.  [1 x 1] 

%             L = The interval length of the signal.     [1 x 1] 

% 

% Output:  s.   = struct variable. 

%          s.ms = The mean square values for the signal. [N x 1] 

%          s.st = The stationary intervals of the signal.[? x 2] 

% 

% Note: Tau & L are to be specified as lengths as number of 

samples 

% 

% 

% Rikard Dahlman & Ebba Johansson, LNU 2018 

% 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

%---------------------------------------------- 

%Create vectors and define interval lengths based on the input 

%---------------------------------------------- 

%Calculate the total interval length measured in samples 

L_tot=L+Tau;                           

B=length(S);         %The length of the signal 

N=floor(B/L_tot);    %Calculating the maximum number of intervals 

%Create a vector for the mean square values of each interval 

meansq=zeros(N,1);                     

%Create a vector for the square of each element in the interval 

x2=zeros(L_tot,1);                     

%---------------------------------------------- 

%Loop to extract a vector of mean square values for each interval 

%---------------------------------------------- 

for n=1:N  

    for j=1:L 

%Pick out the element from cut and square 

x2(j)=S(1,((n-1)*L_tot+j)).^2; 

    end 

%Calculate the mean of x2 and place it in the mean square vector 

meansq(n)=mean(x2);                    

end 

%Define the mean square values in the structure variable 

s.ms=meansq;                           
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%---------------------------------------------- 

%Perform the stationarity tests 

%---------------------------------------------- 

%Clear the stat_int variable from the workspace 

clearvars stat_int                      

high=length(meansq);    %Define the upper limit for the interval. 

low=1;                  %Define the lower limit for the interval. 

pos=1;                  %Define the interval number. 

  

%Perform tests until the lower limit reaches length(meansq) 

while low < length(meansq)               

  

%Cut out the relevant intervals 

meansq_testint=meansq(low:high,1); 

%Calculate if it is stationary in the reverse arrangements test 

status1=teststat_mod(meansq_testint,0.05,'REVERSE');     

%Calculate if it is stationary in the runs test 

status2=teststat_mod(meansq_testint,0.05,'RUNS');        

%Combine the test results, 2 => stationary 

status=status1+status2;                                  

     

    if status < 2             %If the interval is not stationary 

    high=high-1;              %Lower the upper limit by one 

%If the upper limit is decreased to equal the lower limit the 

interval was not stationary 

        if high == low                         

%The lower limit is then increased by one 

            low=low+1;                         

%And the upper limit is reset to length(meansq) 

            high=length(meansq);               

        end 

%If the first interval is stationary and the upper limit is at 

length(meansq) 

    elseif status == 2 && high == length(meansq) && pos == 1  

    stat_int(pos,1)=low-1;                %Note the lower limit 

    stat_int(pos,2)=high;                 %Note the upper limit 

    disp('status=2 & high=length(meansq) The loop is terminated 

for the fist interval.') 

%Since the upper limit reached its max value, BREAK the loop 

    break                                      

%If the interval is stationary and the upper limit is at 

length(meansq) 

    elseif status == 2 && high == length(meansq)  

    stat_int(pos,1)=low;                   %Note the lower limit 

    stat_int(pos,2)=high;                  %Note the upper limit 

    disp('The last stationary interval has been found. The loop 

is terminated.') 

%Since the upper limit reached its max value, BREAK the loop 

    break                                      

    elseif status == 2 && pos == 1 %If the interval is stationary 

    stat_int(pos,1)=low-1;                %Note the lower limit 

    stat_int(pos,2)=high;                 %Note the upper limit 

%Since the current interval was stationary, the next interval 

will start from the current "high"-value 

    low=high;            

%The upper limit is reset to length(meansq)                       
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    high=length(meansq); 

%A stationary interval was found, increase pos by one for the 

next interval 

    pos=pos+1;                                 

    disp('The first stationary interval has been found.') 

    elseif status == 2            %If the interval is stationary 

    stat_int(pos,1)=low;          %Note the lower limit 

    stat_int(pos,2)=high;         %Note the upper limit 

%Since the current interval was stationary, the next interval 

will start from the current "high"-value 

    low=high;                                  

%The upper limit is reset to length(meansq) 

    high=length(meansq);                       

        if pos == 2 

        disp('The second stationary interval has been found.') 

        elseif pos == 3 

        disp('The third stationary interval has been found.') 

        elseif pos > 3 

        disp(['The ' num2str(pos) 'th stationary interval has 

been found.']) 

        end 

%A stationary interval was found, increase pos by one for the 

next interval. 

    pos=pos+1;                                 

    end 

end 

  

%Show the stationary intervals with their respective limit values 

in the time domain 

s.st=stat_int.*(L_tot/Fs);                 

disp('The stationary intervals of the signal:') 

disp('Start time: End time:') 

disp(s.st) 

%---------------------------------------------- 

%Plot the mean square values over time (figure 1) 

%---------------------------------------------- 

t=(0:length(meansq)-1).*L_tot/Fs; 

figure, plot(t,meansq, 'black o', 'MarkerSize', 3), hold on 

plot(t,meansq,'color', [0.7 0.7 0.7]) 

xlabel('Time [s]','fontsize',18) 

ylabel('Mean square','fontsize',18)  %plot the mean square values 

legend('\fontsize{15} Mean square value for each interval. ')  

hold off 

%---------------------------------------------- 

%Display the stationary intervals together with the signal and 

%the mean square values (figure 2) 

%---------------------------------------------- 

figure, 

%Define the time for the modified signal 

t1=(0:length(S)-1)./Fs;   

%Define the time for the mean squares 

t2=(0:length(meansq)-1).*L_tot/Fs; 

  

%Plot the modified signal 

subplot(3,1,1), plot(t1,S,'black')         

xlabel('time [s]','fontsize',10) 



 

APPENDIX 1: p.14:21 

 Dahlman & Johansson 

ylabel('acceleration [g]','fontsize',10) 

  

%Plot the mean squares 

subplot(3,1,2), plot(t2,meansq,'black')      

xlabel('time [s]','fontsize',10) 

ylabel('Mean square','fontsize',10)   

  

%Define the upper limit for the loop, it should follow the rows 

of s.st 

Upper=size(s.st);                       

  

%Loop for all the stationary intervals that have been found 

for j=1:Upper(1)  

subplot(3,1,3), position_vec=[s.st(j,1) 0 (s.st(j,2)-s.st(j,1)) 

1];  %Define the x.start, y.start, width & height of the 

rectangle 

rectangle('Position', position_vec,'FaceColor',[0.7 0.7 0.7])       

%Draw the rectangle with a grey face 

hold on                                                             

end 

xlabel('time [s]','fontsize',10)             

ylabel('Stationary','fontsize',10)               

hold off   

end 
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%Rikard Dahlman & Ebba Johansson LNU 2018 

%The functions optipar_psd_estimate, cacl_psd_response and psd2rp 

are functions developed at Volvo. Therefore the code behind these 

functions will not be displayed in this thesis. 

% ----- Duty by weak stationarity assumptions ----- 

load('cut_A_ny')                        %Load the data matrix 

Fs=5000;                               %Define the sampling 

frequency 

%---------------------------------------------- 

%Spectral Matrix 

%---------------------------------------------- 

unit=9.81*1000;         %Unit compensation 

%Calculate the optimum interval length for PSD 

x=unit.*cut_A_ny(:,1);  %Compensate the data to the correct units 

fr=16.2;                %First eigenfrequency 

xsi=0.06;               %damping 

s=optipar_psd_estimate(x,Fs,fr,xsi);%Optimum number of averages 

N=floor(length(x)/s.Nd);%Optimum interval length based on s.Nd 

  

nl=6;                   %Number of load points. 

S={nl,nl};              %Spectral load matrix 

  

for i = 1:6 

    for j = i:6 

         

x=unit.*cut_A_ny(:,i);  %Compensate the data to the correct units 

  

y=unit.*cut_A_ny(:,j);  %Compensate the data to the correct units 

  

%Calculate the Crosspectral density. 

[Pxy,f]=cpsd(x,y,hanning(N),0.5*N,N,Fs);  

S{i,j}=Pxy;             %Place Pxy in the Spectral load matrix. 

  

%If the loop is on the off-diagonal, the value of S(j,i,:) is 

equal to the  

%complex conjugate of Pxy at position S(i,j,:). 

if i~=j                                  

S{j,i}=conj(Pxy); 

end 

    end  

end 

  

%---------------------------------------------- 

%PSD response 

%---------------------------------------------- 

load('frf_data.txt')   %Load the eigenfrequencies and damping 

load('pf.txt')         %Load the participation factors 

%Load the modal stress tensor 

load('stress_seqv_modal_n1027378.txt') 

fn=frf_data(:,1);                           %Eigenfrequencies 

xsi=frf_data(:,2);                          %Damping 

PF=pf;                                      %Participation factor 

sigmodal=stress_seqv_modal_n1027378'./1000; %Modal stress tensor 

%Calculate the PSD response 
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s2=calc_psd_response(f,S,fn,xsi,PF,sigmodal); 

  

%---------------------------------------------- 

%PSD to Range-Pair 

%---------------------------------------------- 

fxx=s2.f;                       %Extract the frequency vector 

Pxx=s2.Pd;                      %Extract the PSD 

Nclass=500;                     %Choose the number of intervals 

T=3600;                         %Calculate for 60*60=3600=1 hour 

s3=psd2rp(fxx,Pxx,Nclass,T);    %Calculate the Range Pairs 

  

%---------------------------------------------- 

%Duty 

%---------------------------------------------- 

k=3;                            %welds 

D=sum(s3.Ncycle.*s3.Range.^k)   %Calculate the Duty [(MPa^k)/h] 

fprintf('Duty=%s [(MPa^k)/h] \n',D) %Show results 
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%Rikard Dahlman & Ebba Johansson LNU 2018 

% ----- Duty by the piecewise stationary segmentation method and 

the total error consideration method----- 

 

load('cut_A_ny')                        %Load the data 

signals=cut_A_ny;                       %Define the data as a 

matrix 

Fs=5000;                               %Define the sampling 

frequency 

fr=16.2;                            %Eigenfrequency 

xsi=0.06;                           %Damping 

%--- 

%Calculation of the duty for the piecewise stationary 

segmentation method 

%--- 

%Define the Piecewise weakly stationary intervals 

intervals=Fs.*[1/Fs 182.4; 182.4 222.6; 222.6 240; 240 268.8; 

               268.8 390.4; 390.4 483; 483 527.1; 527.1 550.4; 

               550.4 560]; 

  

%Define the upper limit for the following loop 

limit1=size(intervals); 

%D1 is a vector for the duty of each segment 

D1=zeros(1,limit1(1));       

  

for i=1:length(D1) 

% Calculate the duty for each segment 

D1(i)=Duty_PWS(signals,intervals(i,1),intervals(i,2),Fs,fr,xsi); 

end 

  

%Time is a vector for the relative time of the segments 

Time=zeros(1,limit1(1));    

for l=1:limit1(1) 

%Calculate the relative time length of each segment 

Time(1,l)=(intervals(l,2)-intervals(l,1))/intervals(limit1(1),2);  

End 

%Calculate the total duty by weighting each segment duty by its 

relative time length 

D_tot1=sum(D1.*Time)         

  

%Figure showing the intervals from the calculations 

figure, 

intervals=intervals./Fs; %Change from sample to time 

for k=1:limit1(1)  

%Define the x.start, y.start, width & height of the rectangle 

    position_vec=[intervals(k,1) 0 (intervals(k,2)-

intervals(k,1)) 1];   

%Draw the rectangle with a grey face 

rectangle('Position', position_vec,'FaceColor',[0.7 0.7 0.7])        

xlim([0 600]); 

xlabel('Time [s]') 

       hold on                   

end 

hold off 
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%--- 

%Calculation of the duty for the total error consideration method 

%--- 

%Intervals with total error < 0.15 

intervals_015=Fs.*[1/Fs 182.4; 268.8 390.4];     

%Define the upper limit for the following loop 

limit2=size(intervals_015);      

%D2 is a vector for the duty of each segment 

D2=zeros(1,limit2(1)); 

for i=1:length(D2) 

D2(i)=Duty_PWS(signals,intervals_015(i,1),intervals_015(i,2),Fs,f

r,xsi); %Calculate the duty of each segment 

end 

  

%Time is a vector for the relative time of the segments 

Time=zeros(1,limit2(1));  

tot_time=0;             %Set the tot_time value to zero 

  

for j=1:limit2(1) 

%Calculate the time length of each segment 

    time=intervals_015(j,2)-intervals_015(j,1); 

tot_time=tot_time+time;  %Add each time length to the tot_time 

end 

  

for k=1:limit2(1) 

%Calculate the relative time length of each segment 

Time(1,k)=(intervals_015(k,2)-intervals_015(k,1))/tot_time;  

End 

%Calculate the total duty by weighting each segment duty by its 

relative time length 

D_tot2=sum(D2.*Time)  

  

%---Figure showing the intervals from the calculations 

figure, 

intervals_015=intervals_015./Fs; %Change from sample to time 

for k=1:limit2(1)  

%Define the x.start, y.start, width & height of the rectangle 

    position_vec=[intervals_015(k,1) 0 (intervals_015(k,2)-

intervals_015(k,1)) 1];   

%Draw the rectangle with a grey face 

rectangle('Position', position_vec,'FaceColor',[0.7 0.7 0.7])        

xlim([0 600]); 

xlabel('Time [s]') 

       hold on                   

end 

hold off 
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%Rikard Dahlman & Ebba Johansson LNU 2018 

%The functions optipar_psd_estimate, cacl_psd_response and psd2rp 

are functions developed at Volvo. Therefore the code behind these 

functions will not be displayed in this thesis. 

function [D]=Duty_PWS(signals,start_i,end_i,Fs,fr,xsi) 

% This function calculates the duty for a single stationary 

% segment. The optimum interval length is calculated based on the 

% length of the segment and if the signal is found to be too 

% short there is a risk that the total error will exceed 0.15. 

% The only output is a duty value with which is based on a 

% stationary interval and a given total error. The validity of 

% the output is related to the total error. 

%    

% Call:     [D] = Duty_PWS(signals,start_i,end_i,Fs,fr,xsi) 

% 

% Input: Signals = The signals to be analysed.            [n x 6] 

%     start_i = The start point of the stationary segment.[1 x 1] 

%         end_i = The end point of the stationary segment.[1 x 1] 

%        Fs = The sampling frequency of the signal.       [1 x 1] 

%         fr = The first eigenfrequency of the hauler.    [1 x 1] 

%             xsi = The damping value.                    [1 x 1] 

% 

% Output: 

%          D = Duty value for the stationary segment.     [1 x 1] 

% 

% Rikard Dahlman & Ebba Johansson, LNU 2018 

% 

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 

%---------------------------------------------- 

%Spectral Matrix 

%---------------------------------------------- 

unit=9.81*1000;     %Unit compensation 

%Calculate the optimum interval length for PSD 

%Optimum number of averages 

s=optipar_psd_estimate((end_i-start_i),Fs,fr,xsi); 

%Optimum interval length based on s.Nd     

N=floor((end_i-start_i)/s.Nd);                 

  

nl=6;                 %Number of load points. 

S={nl,nl};            %Define Spectral load matrix 

  

for i = 1:6 

    for j = i:6 

%Compensate the data to the correct units 

x=unit.*signals(start_i:end_i,i);    

%Compensate the data to the correct units 

y=unit.*signals(start_i:end_i,j);    

%Calculate the Crosspectral density. 

[Pxy,f]=cpsd(x,y,hanning(N),0.5*N,N,Fs);  

S{i,j}=Pxy;              %Place Pxy in the Spectral load matrix. 

  

%If the loop is on the off-diagonal, the value of S(j,i,:) is 

equal to the  
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%complex conjugate of Pxy at position S(i,j,:). 

if i~=j                                  

S{j,i}=conj(Pxy); 

end 

    end  

end 

  

%---------------------------------------------- 

%PSD response 

%---------------------------------------------- 

load('frf_data.txt')      %Load the eigenfrequencies and damping 

load('pf.txt')            %Load the participation factors 

%Load the modal stress tensor 

load('stress_seqv_modal_n1027378.txt')        

fn=frf_data(:,1);         %Eigenfrequencies 

xsi=frf_data(:,2);        %Damping 

PF=pf;                    %Participation factor 

sigmodal=stress_seqv_modal_n1027378'./1000;%Modal stress tensor 

%Calculate the PSD response 

s2=calc_psd_response(f,S,fn,xsi,PF,sigmodal); 

  

  

%---------------------------------------------- 

%PSD to Range-Pair 

%---------------------------------------------- 

fxx=s2.f;   %Extract the frequency vector 

Pxx=s2.Pd;  %Extract the PSD 

Nclass=500;               %Choose the number of intervals 

T=3600;                   %Calculate for 60s*60min =3600s =1 hour 

s3=psd2rp(fxx,Pxx,Nclass,T); Calculate the Range Pairs 

  

%---------------------------------------------- 

%Duty 

%---------------------------------------------- 

k=3;                             %welds 

  

D=sum(s3.Ncycle.*s3.Range.^k);    %Calculate the Duty [(MPa^k)/h] 

fprintf('Duty=%s [(MPa^k)/h] \n',D) %Show results 

end 
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%Rikard Dahlman & Ebba Johansson LNU 2018 

% ----- Resampling a signal ----- 

 

%Decimation factor 

k=10;       

%Use the function decimate to change the sampling frequency of 

the signal 

cut_r=decimate(cut,k,13);     

Fs=Fs/k;                           %Change the sampling frequency 

t_r=(0:length(cut_r)-1)./Fs;       %Create a time vector 

plot(t_r,cut_r,'black')            %Plot the decimated signal 

xlabel('time [s]','fontsize',18)               %Define the xaxis 

ylabel('acceleration [g]','fontsize',18)       %Define the yaxis 

legend('\fontsize{15}5000 Hz','\fontsize{15}resampled to 500 Hz') 

hold off 



 

APPENDIX 2: p.1:10 

 Dahlman & Johansson 
 

 

APPENDIX 2: A03X 

A03X was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table A03X.1.  

Table A03X.1: Analysis procedure for A03X. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 737.75 

Part 1 of the signal to be 

analysed 
110,000 - 1,550,000 

Part 2 of the signal to be 

analysed 

1,650,000 – 2,233,250 

2,233,300 – 3,050,000 

Modified time length [s] 568.00 

Filtered 1.4-3.4 

Correlation length [τ] 2.5s / 12,500 samples 

PSD/PS check 
No periodic 

components 

Filtered length[s] 564 

Interval length [s] 0.1 / 500 samples 

Number of intervals 216 

Weakly stationary No 

Piecewise weakly 

stationary 
Yes 

Non-stationary No 

 

Implementation of A03X: 

The original signal is shown in figure A03X.1 and is measured for 0 to 738 seconds. 

The signal had to be modified to only include necessary data. 
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figure A03X.1 – The original signal A03X, 0 < t < 738 seconds. 

In figure A03X.2, the modified signal is shown and has been decreased to 568 seconds. 

The signal consists of data from the original signal from 22-310 seconds followed by 

data from 330-446.65 and 446.66-610 seconds. 

 

figure A03X.2 – The modified signal, from 0 < t < 568s. Consisting of data from the original signal from 22-310 

seconds followed by data from 330-446.65 and 446.66-610 seconds. 

An autocorrelation was performed on the modified signal, see figure A03X.3.  
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figure A03X.3 – The autocorrelation of the modified signal. 

 

A closer look at the values from 0 to 2.5 seconds, seen in figure A03X.4, shows that 

some periodic component may be a part of the signal since some periodic movement 

occurred. The signal had to be filtered for the disturbing frequency. The disturbing 

frequency can be known by investigating the power spectral density and the power 

spectrum functions. 

 

figure A03X.4 – The autocorrelation for 0 < 𝜏 < 6 seconds. 

 

A power spectral density (PSD) was calculated and can be seen in figure A03X.5, An 

interval length N1=25,000 and a second interval length of N2=100,000 was chosen. 
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figure A03X.5 – Power spectral density for the modified signal A03X, with N1=25,000, N2=100,000. 

By looking closer at the first peak, seen in figure A03X.6, it was seen that the peak was 

growing for the curve with the bigger interval length N2. 

 

figure A03X.6 – Power spectral density for the modified signal A03X, showing a growing peak, with N1=25,000, 

N2=100,000. 

A power spectrum was calculated (PS), see figure A03X.7, with an interval length 

N1=25,000 for the first curve and an interval length N2=100,000 for the second curve. 

These values are the same as for the power spectral density (PSD). 
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figure A03X.7 – Power spectrum for the modified signal A03X, with N1=25,000, N2=100,000. 

By looking at the same peaks as in the PSD, see figure A03X.8, no periodic component 

can be determined, but since the autocorrelation function indicated that a periodic 

component may be a part of the signal, the frequency at 2.4Hz shall be filtered away.  

 

Figure A03X.8 – Power spectrum with N1=25,000, N2=100,000, 0 < f < 5, showing agrowing peak. 

The signal was filtered with a Butterwort notch filter that was designed to filter away 

frequencies between 1.4 and 3.4 Hz. The first and last 10,000 samples was excluded 

since the impulse response for a Butterworth notch filter, filtered for a bandwidth of 

2Hz would produce unvalid data the first and last 10,000 samples. The filtered and 

modified signal can be seen in figure A03X.9. 
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figure A03X.9 – The filtered modified signal A03X, filtered for 1.4-3.4Hz. 

The autocorrelation for the filtered modified signal was calculated and can be seen in 

figure A03X.10. 

 

figure A03X.10 –The filtered modified signal, filtered for 1.4-3.4Hz. 

By looking closer at the beginning of the autocorrelation, see figure A03X.11, the 

correlation length could be chosen to 2.5 since it lays in the interval and no periodic 

movement was left. 
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figure A03X.11 – The autocorrelation for the filtered modified signal A03X, filtered for 1.4-3.4. 

 

The moving average of the squared signal samples for the modified signal is shown in 

figure A03X.12. The signal was squared and plotted, and three different moving 

average length was chosen to be compared and plotted in the same plot. 

 

 
figure A03X.12 – Moving average for the modified signal for different values of averaging lengths, together with 

the squared sample curve. 

By looking closer at the moving average, seen in figure A03X.13, the moving average 

with length 0.005 seconds followed the squared samples curve better than the curve 

with 0.1. But the curve with 0.1 followed also the curve and would lead to a better 
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interval length. An interval length of 0.1 seconds was chosen, or 500 samples, for the 

stationarity tests. 

 

figure A03X.13 – Moving average for T=0.005, T=0.1 and T=0.5, together with the squared samples curve, 

223.6 < t < 225.4,  

The kurtosis of A03X was calculated with an averaging time length of T=0.1s.  This 

value for the averaging time length was determined to be sufficient, based on the 

moving mean square values that had determined to be a good estimation for the moving 

average. Two vectors of the signal, one with each value raised to a power of two and 

the other with each value raised to a power of four were created. The movmean function 

together with eq.( 13 ) were used to determine the kurtosis. The kurtosis for A03X can 

be seen in figure A03X.14. The average kurtosis for A03X was calculated to 3.3. 

 

figure A03X.14 – Kurtosis for 0 < t < 600. 
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Since a correlation length of 2.5 seconds and an interval length of 0.1 seconds, the 

modified signal was divided into 216 intervals. For each interval, a mean square was 

calculated as seen in figure A03X.15. These intervals were used to perform the runs 

and the reverse arrangement tests in Matlab.  

 

figure A03X.15 – Mean square for each of the 216 intervals for the modified signal. 
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Results for A03X: 

The modified signal for A03X was found to be piecewise weakly stationary in three 

intervals as shown in table A03X.2. 

Table A03X.2 – Piecewise weakly stationary intervals for A03X. 

Interval number Interval start [s] Interval end [s] 

1 0 512.2 

2 512.2 561.6 

 

The piecewise weakly stationary intervals are presented together with the modified 

signal and the mean square for each interval in figure A03X.16. 

 

figure A03X.16 - Result from the stationarity tests for A03X. 
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APPENDIX 3: A03Y 

A03Y was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table A03Y.1.  

Table A03Y.1: Analysis procedure for A03Y. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 737.75 

Part 1 of the signal to be 

analysed 
110,000 - 1,550,000 

Part 2 of the signal to be 

analysed 

1,650,000 – 2,233,250 

2,233,300 – 3,050,000 

Modified time length [s] 568.00 

Filtered 1.4-3.4Hz 

Correlation length [τ] 2.5 s / 12,500 samples 

PSD/PS check 
No periodic 

components 

Filtered length[s] 564 

Interval length [s] 0.1 / 500 samples 

Number of intervals 216 

Weakly stationary Yes 

Piecewise weakly 

stationary 
No 

Non-stationary No 
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APPENDIX 4: A03Z 

A03Z was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table A03Z.1.  

Table A03Z.1: Analysis procedure for A03Z. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 737.75 

Part 1 of the signal to be 

analysed 
110,000 - 1,550,000 

Part 2 of the signal to be 

analysed 

1,650,000 – 2,233,250 

2,233,300 – 3,050,000 

Modified time length [s] 568.00 

Filtered Yes, [1.4 – 3.4] Hz 

Correlation length [τ] 2.0 s / 10,000 sample 

PSD/PS check 
No periodic 

components 

Interval length [s] 0.1 / 500 samples 

Filtered length [s] 564 

Number of intervals 268 

Weakly stationary No 

Piecewise weakly 

stationary 
Yes 

Non-stationary No 
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Implementation of A03Z: 

In figure A03Z.1, the original signal A03Z is shown which is measuerd for 0 to 738 

seconds. It consist of data from two testruns and some unnecessary data before and 

after both runs. The signal must be modified to only include the data from the testruns. 

 

figure A03Z.1 – The original signal A03Z, 0 < t < 738 seconds. 

Figure A03Z.2, shows the modified signal which consisting of data from the original 

signal from 22-310 seconds for the first run followed by data from 330-446.65 and 

446.66-610 seconds for the second run. 

 

figure A03Z.2 – The modified signal A03Z, 0 < t < 568 seconds, consisting of data from the original signal from 

22-310 seconds followed by data from 330-446.65 and 446.66-610 seconds. 
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The autocorrelation was calculated for the modified signal and can be seen in 

figure 03Z.3. Since an correlation length of more than 400 seconds would be a result 

of the autocorrelation, the corrreltation was not valid. The signal had to be filtered for 

some frequency that caused the high value of the correlation. 

 

figure A03Z.3 – The autocorrelaton of A03Z. 

To know which frequency that that had to be filtered away, a power spectrum density 

(PSD) and a power spectrum (PS) was performed. In figure A03Z.4, the PSD for the 

modified signal is shown. The interval length for N1 was chosen to 25,000 and the 

interval length for N2 was chosen to 100,000 to have one a difference in the curves 

where one had a bigger interval length compared to the first one. 

 

figure A03Z.4  – Power Spectral Density for A03Z, 0 < f < 100, where N1=25,000 and N2=100,000. 
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The first peak in the PSD was analysed, see figure A03Z.5, and a growing peak at 2.4 

was seen. The growing peak occurred for the N2 curve. A PS had to be calculated in 

order to see if the growing peak would occur at the same frequency. 

 

figure A03Z.5 – Power Spectral Density for 0 < f < 10 [Hz] for A03Z, where N1=25,000 and N2=100,000. 

In figure A03Z.6, the power spectrum (PS) is shown. The curves have the same values 

as in the power spectrum density (PSD), which was N1=25,000 and N2=100,000. 

 

figure A03Z.6 – Power spectrum for 0 < f < 100 Hz, where N1=25,000 and N2=100,000. 

In figure A03Z.7, a growing peak at the same value as in the PSD can be seen, which 

is at 2.4 Hz. Since the peak is still growing, the 2.4 Hz cannot be stated as a periodic 

component. But since the autocorrelation function indicated that there is a component 
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that disturb the function, the frequency at 2.4 Hz should be treated as a periodic 

component though it is not fully stated and be filtered away as a trial and error method.  

 

figure A03Z.7– Power spectrum for 0 < f < 10 Hz, where N1=25,000 and N2=100,000. 

A Butterworth notch filter was designed to filter out the frequencies between 1.4 and 

3.4 Hz with an attenuation of 80dB. The modified signal was filtered with the designed 

filter and can be seen in figure A03Z.8. The signal was modified to exclude the first 

and the last 10,000 samples due to the impulse response that would produce non-valid 

data. 

 

figure A03Z.8 – The filtered modified signal A03Z, filtered for 1.4-3.4 Hz. 

The autocorrelation of the filtered modified signal was calculated and can be seen in 

figure A03Z.9. The correlation is much smaller compared to the unfiltered one. 
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figure A03Z.9 – The autocorrelation for the filtered signal of A03Z, filtered for 1.4-3.4Hz. 

A closer look at the autocorrelation, seen in figure A03Z.10, shows that the 

autocorrelation lays inside the interval after 1 second. The periodic movement was 

smoothed out after 2 seconds and the correlation length was therefore chosen to 2 

seconds, or 10,000 samples. 

 

figure A03Z.10 – The autocorrelation for the filtered signal of A03Z, 0 < τ < 5, filtered for 1.4-3.4Hz. 

The moving mean square for the modified signal is shown in figure A03Z.11. The 

signal was squared and plotted, and three different moving average length was chosen 

to be compared and plotted in the same plot. 
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figure A03Z.11 – Moving average of the squared signal samples for filtered modified signal A03Z together with 

the squared samples curve for the same signal. 

The moving average of the squared signal samples shows that the curve with a length 

of 0.005 seconds follows the squared samples curve better than the other one. But since 

the curve with an averaging length of 0.1 would lead to longer interval lengths while 

still following the curve, 0.1 seconds was chosen for the stationarity tests. This can be 

seen in figure A03Z.12. 

 

figure A03Z.12 – Moving average of the squared signal samples together with the squared samples curve for the 

filtered modified signal A03Z, 223.6< t < 225.4 seconds. 

The kurtosis of A03Z was calculated by using an averaging time length of T=0.1s.  

This value for the averaging time length was determined to be sufficient based on the 

moving mean square values that had determined to be a satisfactory estimation for the 
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moving average. Two vectors of the signal, one with each value raised to a power of 

two and the other with each value raised to a power of four were created. The movmean 

function together with eq.( 13 ) were used to determine the kurtosis. The kurtosis for 

A03Z can be seen in figure A03Z.13. The average kurtosis for A03Z was calculated to 

4.38. 

 

figure A03Z.13 – Kurtosis for 0 < t < 600. 

By choosing a correlation length of 2 seconds and an interval length of 0.1 seconds, 

the filtered modified signal was divided into 268 intervals where each interval was 

taken the mean square value for, as seen in figure A03Z.14. These number of intervals 

was used in the runs and reverse arrangement tests so check the stationarity. 

 

figure A03Z.14 –Mean square for each of the 268 intervals for the filtered A03Z signal. 
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Results for A03Z: 

The modified signal for A03Z was found to be piecewise weakly stationary in three 

intervals as shown in table A03Z.2. 

Table A03Z.2 – Piecewise weakly stationary intervals for A03Z. 

Interval 

number 

Interval start 

[s] 

Interval end 

[s] 

1 0 222.6 

2 222.6 483.0 

3 483.0 562.8 

The piecewise weakly stationary intervals are presented together with the modified 

signal and the mean square for each interval that was used for the stationarity tests in 

figure A03Z.15. 

 

figure A03Z.15 - Result from the stationarity tests for A03Z. 
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APPENDIX 5: A04X 

A04X was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table A04X.1.  

Table A04X.1: Analysis procedure for A04X. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 737.75 

Part 1 of the signal to be 

analysed 
110,000 - 1,550,000 

Part 2 of the signal to be 

analysed 

1,650,000 – 2,233,250 

2,233,300 – 3,050,000 

Modified time length [s] 568.00 

Filtered Yes, [1.4-3.4] 

Correlation length [τ] 1.5s / 7,500 sample 

PSD/PS check 
No periodic 

components 

Filtered length [s] 564 

Interval length [s] 0.1 / 500 samples 

Number of intervals 352 

Weakly stationary No 

Piecewise weakly 

stationary 
Yes 

Non-stationary No 
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Implementation of A04X: 

The original signal of A04X is shown in figure A04X.1. The signal is measured over 

738 seconds, or 2,800,002 samples. The signal was modified the same way as signal 

A03Z. 

 

figure A04X.1 – The original signal A04X, 0 < t < 738 seconds. 

In figure A04X.2, the modified signal is shown. The modified signal consists of the 

same samples as A03Z, which was 110,000-1,550,000 followed by 1,650,000-

2,233,250 and 2,233,300-3,050,000. This modification resulted in a new measured 

time, 568 seconds. 

 

figure A04X.2 – The modified signal A04X, 0 < t < 568 seconds, including samples 110,000-1,550,000 and 

1,650,000-2,233,250 and 2,233,300-3,050,000. 



 

APPENDIX 5: p.3:10 

 Dahlman & Johansson 

The autocorrelation for the modified signal was calculated, see figure A04X.3. The 

interval that the autocorrelation should lay in is between ±0.01.  

 

figure A04X.3 – The autocorrelation of the modified signal A04X. 

By looking closer at the autocorrelation, see figure A04X.4, a periodic movement is 

shown. The signal had to be investigated for periodic movements. 

 

figure A04X.4 – The autocorrelation for the modified signal, 0 < 𝜏 < 4 seconds. 

To find the periodic component, a power spectral density (PSD) and a power spectrum 

(PS) was calculated for two different values for the interval length. The PSD is shown 

in figure A04X.5, which consist of two PSD plotted together where one curve had the 

interval length N1=25,000 and the other one had N2=100,000.  
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figure A04X.5 – Power spectrum density for the modified signal A04X, 0 < f < 100Hz, with N1=25,000, 

N2=100,000. 

The first peak in the PSD is shown in figure A04X.6, and is an increasing peak at 2.4 

Hz for N2. This indicates that a periodic component could be a part of the modified 

signal. A PS had to be calculated to check if this was the case. 

 

figure A04X.6 – PSD showing a peak increasing at 2.4Hz. 

A PS was calculated with the same interval lengths as in the PSD, which was 

N1=25,000 and N2=100,000, and can be seen in figure A04X.7. 



 

APPENDIX 5: p.5:10 

 Dahlman & Johansson 

 

figure A04X.7 –Power spectrum for the modified signal A04X, 0 < f < 100 Hz, with N1=25,000, N2=100,000. 

By looking at the same peak as in the power spectral density, at 2.4Hz, the same peak 

in the power spectrum was increasing too, see figure A04X.8. It could therefore not be 

stated that there was periodic component in the modified signal, but since the 

autocorrelation indicated a periodic component, the signal shall be filtered for 2.4 Hz. 

 

figure A04X.8 – Power spectrum for the modified signal A04X, 0 < f < 5Hz, where N1=25,000 and N2=100,000. 

A Butterworth notch filter was designed to filter the signal for 1.4 to 3.4 Hz with an 

attenuation of 80 dB. The signal was filtered with the designed filter, see 

figure A04X.9. The filtered signal was modified to exclude the first and last 10,000 

samples due to the impulse response. 
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figure A04X.9 – The filtered modified signal A04X, filtered for 1.4-3.4 Hz. 

The autocorrelation for the filtered function was calculated, see figure A04X.10. 

 

figure A04X.10 – The autocorrelation for the filtered modified signal. 

By looking closer at the beginning of the correlation, see figure A04X.11, it was seen 

that the correlation reached the interval after 0.7 seconds. The periodic movement 

ended after 1.5 seconds and was therefore used as the correlation length. 
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figure A04X.11 – The autocorrelation for the filtered modified signal, filtered for 1.4-3.4, 0 < 𝜏 < 5. 

The moving average of the squared signal samples for the modified signal is shown in 

figure A04X.12. The signal was squared and plotted, and three different moving 

average length was chosen to be compared and plotted in the same plot. 

 

figure A04X.12 – Moving average of the squared signal samples for the modified signal A04X for three averaging 

lengths of 0.005, 0.1 & 0.5 together with the squared samples curve. 

The averaging length of 0.1 seconds or 500 samples was chosen to be the best 

averaging time, since it displays a good mix of bias and random errors. The choice 

becomes clear from figure A04X.13. 
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figure A04X.13 – Moving average of the squared signal samples for the modified signal, together with the 

squared samples curve, 223.6 < t < 225.4 

The kurtosis of A04X was determined by using an averaging time length of T=0.1s.  

The reason for choosing this value for the averaging time length was due to the 

previous analysis of the moving mean square. The analysis found that 0.1 seconds was 

a good estimation for the moving average. Two vectors of the signal, one with each 

value raised to a power of two and the other with each value raised to a power of four 

were created. The movmean function together with eq.( 13 ) were used to determine 

the kurtosis. The kurtosis for A04X can be seen in figure A04X.14. The average 

kurtosis for A04X was calculated to 3.1. 

 

figure A04X.14 – Kurtosis for 0 < t < 600. 

. 
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By using a correlation length of 7,500 samples and an interval length of 500 samples, 

the modified signal was divided into 352 intervals, these intervals was taken the mean 

square for each interval, see figure A4X.15, and used in the runs and reverse 

arrangement tests, which can be seen in the Matlab code. 

 

figure A04X.15 –Mean square for each of the 352 intervals. 
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Results for A04X: 

The modified signal for A04X was found to be piecewise weakly stationary in five 

intervals as shown in table A04X.2. 

Table A04X.2 – Piecewise weakly stationary intervals for A04X. 

Interval 

number 

Interval start 

[s] 

Interval end 

[s] 

1 0 182.4 

2 182.4 240.0 

3 240.0 390.4 

4 390.4 550.4 

5 550.4 560.0 

The piecewise weakly stationary intervals are presented together with the modified 

signal and the mean square for each interval in figure A04X.16. 

 

figure A04X.16 - Result from the stationarity tests for A04X. 
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APPENDIX 6: A04Y 

A04Y was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table A04Y.1.  

Table A04Y.1: Analysis procedure for A04Y. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 737.75 

Part 1 of the signal to be 

analysed 
110,000 - 1,550,000 

Part 2 of the signal to be 

analysed 

1,650,000 – 2,233,250 

2,233,300 – 3,050,000 

Modified time length [s] 568 

Filtered Yes, [0.3 – 2.3] Hz 

Correlation length [τ] 2s / 10,000 sample 

PSD/PS check 
No periodic 

components 

Filtered length [s] 564 

Interval length [s] 0.1 / 500 samples 

Number of intervals 268 

Weakly stationary No 

Piecewise weakly 

stationary 
Yes 

Non-stationary No 
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Implementation of A04Y: 

The original signal A04Y consist of measured data from 0-738 seconds, see 

figure A04Y.1, and consist of 3,688,744 samples. The signal needs to be modified to 

only consist of valid data. 

 
figure A04Y.1 – The original signal A04Y. 

The modified signal can be seen in figure A04Y.2 and consist of samples 110,000 - 

1,550,000 followed by samples 1,650,000-2,233,250 and 2,233,300-3,050,000. The second 

run had to be divided into two intervals due to the peak between the intervals that does not 

include valid data. This resulted in a new measured time from 0 to 568 seconds or 2,839,953 

samples. 

 

figure A04Y.2 – The modified signal A04Y consisting of samples 1,100,000 – 1,550,000  followed by samples 

1,650,000 – 2,233,250 and 2,233,300 – 3,050,000, 0 < t < 568 seconds. 
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The autocorrelation was calculated for the modified signal, see figure A04Y.3. A 

correlation length of more than 350 seconds was obtained which is not a valid result. 

The signal had to be filtered for some frequency that disturbed the signal. 

 
figure A04Y.3 – The autocorrelation for the modified signal A04Y. 

To know what frequency the modified signal should be filtered for, a power spectral 

density function (PSD) and a power spectrum function (PS) was made. In 

figure A04Y.4 the PSD is shown for two different interval lengths, N1=25,000 and 

N2=100,000.  

 
figure A04Y.4 – The power spectral density for the modified signal A04Y, 0 < f < 100, where N1=25,000 and 

N2=100,000. 
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By taking a closer look at the first two peaks in the PSD, see figure A04Y.5, two 

frequencies, one at 1Hz and one at 2.4Hz was shown to be peaks. 

 
figure A04Y.5 – Power spectral density for the modified signal A04Y, 0 < f < 7, where N1=25,000 and 

N2=100,000. 

The power spectrum (PS) was calculated to see if the peaks from the power spectral 

density (PSD) was periodic components or not, see figure A04Y.6. The interval length 

for the two curves in the PS was chosen to be the same as in the PSD, which was 

N1=25,000 samples and N2=100,000 samples. 

 
figure A04Y.6 – Power spectrum for the modifed signal A04Y, 0 < f < 100 Hz, where N1=25,000 and 

N2=100,000. 
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The peaks at 1Hz and at 2.4Hz was increasing for the power spectrum plot, see 

figure A04Y.7, it can therefore not be stated that these are periodic components. Since 

the autocorrelation indicated that some frequency is disturbing the function, the 1Hz 

and the 2.4 Hz was chosen to be filtered away to see how the autocorrelation would be 

affected. 

 
figure A04Y.7 – Power spectrum for the modified signal A04Y, 0 < f < 8 , where N1=25,000 and N2=100,000. 

The modified signal was chosen to be filtered for with a Butterworth notch filter. The 

filter was designed to filter away frequencies between 0.5 to 2.5Hz. The modified 

signal was filtered and can be seen in figure A04Y.8. The filtered signal was modified 

to exclude the first and the last 2 seconds of data due to the impulse response. 

 
figure A04Y.8 – The filtered modified signal A04Y, filtered for 0.5 to 2.5 Hz. 
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The autocorrelation for the filtered modified signal was calculated and can be seen in 

figure A04Y.9. There was still some peaks that reached outside the interval of -0.01 to 

0.01. This depended on a too small bandwidth for the Butterworth notch filter. The 

bandwidth was chosen to be a little too small, (2Hz) to produce the same impulse 

response as the other signals and could therefore be modified by excluding the first 

and last 10,000 samples. The peaks that was outside the interval was chosen to be 

ignored since no periodic movement was affecting them, only random noise. 

 

figure A04Y.9 – The autocorrelation for the filtered modified signal A04Y, filtered for 0.5-2.5Hz. 

The autocorrelation reaches the interval at 1.8 seconds, see figure A04Y.10 and stays 

inside except at some peaks which were ignored. The periodic movement ended at 2 

seconds, or 10,000 samples, which will be used as the correlation length in the 

stationarity tests. 
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fiugre A04Y.10 – The autocorrelation for the filtered modified signal A04Y, 0 < 𝜏 < 6  seconds, filtered for      

0.5-2.5 Hz. 

The moving average of the squared signal samples for the modified signal is shown in 

figure A04Y.11. The signal was squared and plotted, and two different moving average 

length was chosen to be compared and plotted in the same plot. 

 
figure A04Y.11 – The moving average of the squared signal samples for the filtered modified signal A04Y for 

three averaging length 0.005s, 0.1s and 0.5s, together with the squared samples curve for the same signal. 

The moving average of the squared signal samples seen in figure A04Y.12, shows that 

the curve with averaging length 0.1s is the best estimate of the three averaging lengths 

portrayed. The curve with averaging length of 0.005 would lead to a too large random 
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error. Therefore, an interval length of 0.1s or 500 samples was chosen for the 

stationarity tests. 

 
figure A04Y.12 – Moving average of the squared signal samples for T=0.005s, 0.1s and 0.5s together with the 

squared samples curve, 220 < t < 222s. 

The kurtosis of A04Y was calculated by using an averaging time length of T=0.1s.  

This value for the averaging time length was determined to be sufficient based on the 

analysis for the moving mean square values. Two vectors of the signal, one with each 

value raised to a power of two and the other with each value raised to a power of four 

were created. The movmean function together with eq.( 13 ) were used to determine 

the kurtosis. The kurtosis for A04Y can be seen in figure A04Y.13. The average 

kurtosis for A04Y was calculated to 3.79. 

 

figure A04Y.13 – Kurtosis for 0 < t < 600. 
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By choosing a correlation length of 2 seconds together with an interval length of 0.1 

seconds, the filtered modified signal was divided into 268 intervals. The intervals were 

taken the mean square for each one, see figure A04Y.14, these values were used in the 

stationarity tests. 

 
figure A04Y.14 –The mean square for each of the 268intervals. 
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Results for A04Y: 

The modified signal for A04Y was found to be piecewise weakly stationary in three 

intervals as shown in table A04Y.2. 

Table A04Y.2 – Piecewise weakly stationary intervals for A04Y. 

Interval 

number 

Interval start 

[s] 

Interval end 

[s] 

1 0 268.8 

2 268.8 527.1 

3 527.1 569.7 

The piecewise weakly stationary intervals are presented together with the modified 

signal and the mean square for each interval in figure A04Y.15. 

 

figure A04Y.15 - Result from the stationarity tests for A04Y. 
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APPENDIX 7: A04Z 

A04Z was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table A04Z.1.  

Table A04Z.1: Analysis procedure for A04Z. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 737.75 

Part 1 of the signal to be 

analysed 
110,000 - 1,550,000 

Part 2 of the signal to be 

analysed 

1,650,000 – 2,233,250 

2,233,300 – 3,050,000 

Modified time length [s] 568 

Filtered Yes, [1.4 – 3.4] Hz 

Correlation length [τ] 2.5s / 12,500 sample 

PSD/PS check 
No periodic 

components 

Filtered length [s] 564 

Interval length [s] 0.1s / 500 sample 

Number of intervals 216 

Weakly stationary Yes 

Piecewise weakly 

stationary 
No 

Non-stationary No 
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Implementation of A04Z: 

In figure A04Z.1 a peak at 450 seconds can be seen, this was cut out from the data 

making the valid data consist of three intervals where one interval was from the first 

test run and the other two from the second one. The original signal was measured over 

738 seconds and consisted of 3,688,744 samples. 

 

figure A04Z.1 –The original signal A04Z, 0 < t < 738 seconds. 

The modified signal can be seen in figure A04Z.2 and consist of data from three intervals. 

First the samples 110,000 - 1,550,000 followed by samples 1,650,000 – 2,233,250 and 

samples 2,233,300 – 3,050,000. This modification made the modified signal consist of 

2,839,953 or 568 seconds. 

 

figure A04Z.2 –The modified signal A04Z, 0 < t < 568 seconds. 
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In figure A04Z.3, the autocorrelation can be seen. A correlation length of more than 

400 seconds would be used from this calculation, which is not valid. The modified 

signal had to be filtered from disturbing frequencies.  

 

figure A04Z.3 – Autocorrelation of the modified signal A04Z. 

The frequency that disturb the autocorrelation needs to be know, therefore a power 

spectral density (PSD) and a power spectrum (PS) was calculated. In figure A04Z.4, 

the PSD for the modified signal can be seen. The interval length for the first curve was 

chosen to N1=25,000 samples and the other one to N2=100,000 samples. One curve 

was chosen to have a bigger interval length compared to the other one so growing 

peaks could be seen, if the modified signal had periodic components. 

 

figure A04Z.4 – Power spectral density  of the modified signal A04Z with N1=25,000, N2=100,000. 
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A growing peak occurred at frequency 2.4Hz, see figure A04Z.5, which indicates that 

there is a periodic component at that frequency that disturb the autocorrelation. To 

check if that is the case a power spectrum was calculated. 

 

figure A04Z.5 – Power spectral density showing an increasing peak at 2.4Hz, 0 < f < 8Hz, where N1=25,000 

samples and N2=100,000 samples. 

A power spectrum (PS) for the modified signal was calculated, see figure A04Z.6. The 

same values for N1 and N2 were chosen as in the power spectral density (PSD), which 

was 25,000 samples and 100,000 samples. 
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figure A04Z.6 – Power spectrum of the modified signal A04Z with N1=25,000, N2=100,000. 

The peak at 2.4Hz from the PSD were studied in the PS, see figure A04Z.7. It was 

shown that the peak continues to grow also in the PS which means that no periodic 

component can be stated. Since the autocorrelation showed that some frequency is 

disturbing the function, the frequency at 2.4 was chosen to be filtered away. 

 

figure A04Z.7 – Power spectrum for the modified signal A04Z, showing an increasing peak at 2.4Hz, 0 < f < 8Hz, 

where N1=25,000 and N2=100,000. 

A Butterworth notch filter was created to filter away frequencies from 1.4 to 3.4Hz 

with an attenuation of 80dB. The modified signal was filtered with the designed filter 

and can be seen in figure A04Z.8. The filtered modified signal had a measured length 

of 568 seconds, or 2,839,953 samples. The signal had to be modified to exclude data 
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for 2 seconds in the beginning and in the end due to the impulse response, therefore a 

new measured time of 564 seconds was used. 

 

figure A04Z.8 – The filtered modified signal A04Z, 0 < t < 564  seconds. Filtered for 1.4-3.4 Hz. 

The autocorrelation for the filtered modified signal was calculated, see figure A04Z.9. 

The correlation length was chosen by creation an interval between ±1% of the first 

value, which was 1. Therefore, the interval was between -0.01 to 0.01. 

 

figure A04Z.9 – Autocorrelation of the filtered modified signal A04Z. Filtered for 1.4-3.4Hz. 

The autocorrelation for the filtered modified signal reached the interval after 1second 

and lost its periodic movement after 2.5 seconds, see figure A04Z.10. A correlation 

length of 2.5 was chosen. 
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figure A04Z.10 – The autocorrelation for the filtered modified signal A04Z, filtered for 1.4-3.4Hz, 0 < 𝜏 < 25 

seconds. 

An interval length had to be chosen for the stationarity tests. Three moving averages 

of the squared signal samples curves were created, see figure A04Z.11. The moving 

average with the least amount of error, while simultaneously containing as much 

amount of data as possible was desired. 

 

figure A04Z.11 – Moving average of the squared signal samples for the filtered modified signal A04Z for 

T=0.005s, 0.1s and 0.5s together with the squared samples curve. 

In figure A04Z.12, it is shown that the moving averaging curve with T=0.1 seconds is 

the best available mix of small errors and a large data size. An interval length of 0.1 

seconds, or 500 samples were therefore chosen. 
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figure A04Z.12 – Moving average of the squared signal samples curves together with the squared samples curve, 

presented for 134.5 < t < 136.5 seconds. 

The kurtosis of A04Z was calculated by using an averaging time length of T=0.1s.  

This value for the averaging time length was determined to be sufficient based on the 

moving mean square values that had determined to be a good estimation for the moving 

average. Two vectors of the signal, one with each value raised to a power of two and 

the other with each value raised to a power of four were created. The movmean function 

together with eq.( 13 ) were used to determine the kurtosis. The kurtosis for A04Z can 

be seen in figure A04Z.13. The average kurtosis for A04Z was calculated to 3.1. 

 

figure A04Z.13 – Kurtosis for 0 < t < 600. 
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A correlation length of 2.5 seconds, or 12,500 samples were chosen together with an 

interval length of 0.1 seconds, or 500 samples. By dividing the filtered modified signal 

by those values, it resulted in 216 intervals. These intervals were taken the mean square 

for each interval, see figure A04Z.14. The mean square intervals were used for the runs 

and the reverse arrangement tests to check the stationarity. 

 

figure A04Z.14 – Mean square for each of the 216 intervals for the filtered modified signal. 
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Results for A04Z: 

 

The filtered signal, A04Z was found to be weakly stationary from 0 to 561.6 seconds. 

The filtered signal, the mean square for each interval and the stationarity tests can be 

seen in figure A04Z.15. 

 

figure A04Z.15 - Result from the stationarity tests for A04Z. 
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APPENDIX 8: B03X 

B03X was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table B03X.1.  

Table B03X.1: Analysis procedure for B03X. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 883.95 

Part 1 of the signal to be 

analysed 
150,000 - 1,955,000 

Part 2 of the signal to be 

analysed 
2,023,000 – 3,831,000 

Modified time length [s] 722.60 

Filtered Yes, [0.7 – 2.7] Hz 

Correlation length [τ] 2s / 10,000 sample 

PSD/PS check 
No periodic 

components 

Filtered length [s] 718.6 

Interval length [s] 0.1s / 500 sample 

Number of intervals 342 

Weakly stationary No 

Piecewise weakly 

stationary 
Yes 

Non-stationary No 
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Implementation of B03X: 

The original signal B03X can be seen in figure B03X.1, it consists of 4,419,741 

samples, or 884 seconds. The signal had to be modified to only include valid data. 

 

figure B03X.1 – The original signal B03X, 0 < t < 884. 

The original signal was modified, see figure B03X.2, and reduced the measured length 

to 723 seconds. The data consists of samples 150,000 - 1,955,000 followed by samples 

2,023,000 – 3,831,000. 

 

figure B03X.2 – The modified signal B03X, 0 < t < 723. 
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The autocorrelation for the modified signal was calculated, see figure B03X.3. A 

correlation length of more than 400 seconds is not a valid result, which means there is 

some frequency that disturbs the autocorrelation and had to filtered away before any 

valid length of the correlation could be obtained. 

 

figure B03X.3 – The autocorrelation of the modified signal B03X. 

To know what frequency that had to be filtered from the modified signal, a power 

spectral density (PSD) and a power spectrum (PS) was calculated. In figure B03X.4 

the PSD for the modified signal is shown. It consists of two curves where one PSD is 

calculated with an interval length of N1=25,000 samples. The other PSD was 

calculated with a bigger interval length compared to the first one and was chosen to 

N2=100,000 samples. 

 

figure B03X.4 – Power spectral density  for the modified signal, where N1=25,000 and N2=100,000. 
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By looking at the first peak in the PSD, see figure B03X.5, it was shown that for a 

bigger interval length, the peak was growing. This occurred at the frequency 1.7Hz 

and indicates that some periodic component could be a part of the system. 

 

figure B03X.5 – Power spectral density for the modified signal B03X,  showing a growing peak at 1.7Hz, 

0 < f < 8Hz. 

To state that a periodic component occurs at 1.7Hz a power spectrum (PS) was 

calculated, see figure B03X.6. If the peak at the same frequency would not grow in the 

PS, it could be stated that there is a periodic component at 1.7Hz. The same value in 

the PS for N1 and N2 were chosen as in the power spectral density (PSD), which was 

25,000 samples and 100,000 samples. 

 

figure B03X.6 – Power spectrum for the modified signal B03X where N1=25,000 and N2=100,000. 
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By looking at the peak at 1.7Hz in the PS, see figure B03X.7, it can be seen that the 

peak continues to grow as in the PSD. Therefore, it cannot be completely accurate to 

state that a periodic component is laying at 1.7, but since the autocorrelation indicated 

that there is some frequency that disturb the function. The frequency 1.7Hz should be 

filtered away. 

 

figure B03X.7 – Power spectrum showing a growing peak at 1.7Hz, 0 < f < 10Hz, where N1=25,000 and 

N2=100,000. 

A Butterworth notch filter was designed to filter away frequencies from 0.7 to 2.7Hz, 

making sure that 1.7 will be taken away. The filter worked with an attenuation of 80dB. 

The modified signal was filtered with the designed filter and can be seen in 

figure B03X.8. The filtered signal had to be modified to exclude non-valid data due to 

the impulse response. The first and last 10,000 samples were therefore excluded. 

 

figure B03X.8 – Filtered modified signal B03X, filtered for 0.7-2.7Hz. 
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The autocorrelation for the filtered modified signal was calculated, see figure B03X.9. 

Since a much smaller correlation length than 400 seconds is obtained, the 1.7Hz was 

the frequency that disturbed the signal. 

 

figure B03X.9 – The autocorrelation for the filtered modified signal B03X filtered for 0.7-2.7 Hz. 

The autocorrelation reaches the interval of –0.01 to 0.01 after 0.5 seconds, see 

figure B03X.10. But there was still a periodic movement until 2 seconds, which 

resulted in a chosen correlation length of 2 seconds, or 10,000 samples. 

 

Figure B03X.10 – The autocorelation for the filtered modified signal B03X, 0 < f < 6 seconds, filtered for        

0.7-2.7Hz. 

To perform the stationarity tests, an interval length was needed, this interval length 

was chosen by calculating the moving average of the squared signal samples for 
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different averaging lengths, see figure B03X.11. The averaging length that follows the 

squared samples curve closely without displaying a large random error should be 

chosen. 

 

Figure B03X.11 – Moving average of the squared signal samples for the filtered modified signal B03X for 

T=0.005, 0.1 and 0.5 seconds together with the squared samples curve. 

As seen in figure B03X.12, the averaging length of T=0.1s follows the squared samples 

curve while simultaneously displaying low variance, which resulted in choosing an 

interval length of 0.1 seconds for the stationarity tests. 

 

figure B03X.12 – Moving average of the squared signal samples for T=0.005s, 0.1s and 0.5s,  together with the 

squared samples curve, 451.5< t < 453 seconds. 
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The kurtosis of B03X was calculated by using an averaging time length of T=0.1s.  

This value for the averaging time length was determined to be sufficient based on the 

moving mean square values that had determined to be a good estimation for the moving 

average. Two vectors of the signal, one with each value raised to a power of two and 

the other with each value raised to a power of four were created. The movmean function 

together with eq.( 13 ) were used to determine the kurtosis. The kurtosis for B03X can 

be seen in figure B03X.13. The average kurtosis for B03X was calculated to 1.63 

 

figure B03X.13 – Kurtosis for 0 < t < 600. 

 

A chosen correlation length of 2 seconds, or 10,000 samples and an interval length of 

0.1 seconds or 500 samples resulted in 342 intervals for the filtered modified signal. 

For each interval, the mean square was calculated, see figure B03X.14. These values 

were used to perform the runs and reverse arrangement tests to check the stationarity 

for the filtered modified signal. 
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figure B03X.14 – Mean square for each of the 342 intervals for the filtered modified signal. 
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Results for B03X: 

 

The modified signal for B03X was found to be piecewise weakly stationary in two 

intervals as shown in table B03X.2. 

Table B03X.2 – Piecewise weakly stationary intervals for B03X. 

Interval 

number 

Interval start 

[s] 

Interval end 

[s] 

1 0 714.0 

2 714.0 718.2 

The piecewise weakly stationary intervals together with the filtered modified signal 

and the mean square values for the intervals used in the stationarity test can be seen in 

figure B03X.15. 

 

Figure B03X.15 - Result from the stationarity tests for B03X. 
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APPENDIX 9: B03Y 

B03Y was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table B03Y.1.  

Table B03Y.1: Analysis procedure for B03Y. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 883.95 

Part 1 of the signal to be 

analysed 
150,000 - 1,955,000 

Part 2 of the signal to be 

analysed 
2,023,000 – 3,831,000 

Modified time length [s] 722.60 

Filtered Yes, [1.4 – 3.4] Hz 

Correlation length [τ] 1.5s / 7,500 sample 

PSD/PS check 
No periodic 

components 

Filtered length [s] 718.60 

Interval length [s] 0.1s / 500 sample 

Number of intervals 449 

Weakly stationary No 

Piecewise weakly 

stationary 
Yes 

Non-stationary No 
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APPENDIX 10: B03Z 

B03Z was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table B03Z.1.  

Table B03Z.1: Analysis procedure for B03Z. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 883.95 

Part 1 of the signal to be 

analysed 
150,000 - 1,955,000 

Part 2 of the signal to be 

analysed 
2,023,000 – 3,831,000 

Modified time length [s] 722.60 

Filtered Yes, [0.5 – 2.5] Hz 

Correlation length [τ] 1.5s / 7,500 sample 

PSD/PS check 
No periodic 

components 

Filtered length [s] 718.60 

Interval length [s] 0.1s / 500 sample 

Number of intervals 449 

Weakly stationary No 

Piecewise weakly 

stationary 
Yes 

Non-stationary No 
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Implementation of B03Z: 

The original signal B03Z is shown in figure B03Z.1 and have a measured length of 884 

seconds or 4,419,741 samples. The original signal had to be modified to only include 

valid data from the testruns. 

 

figure B03Z.1 – The original signal B03Z 0 < t < 884 seconds. 

In figure B03Z.2, the modified signal is shown. The signal was reduced to only include 

the valid samples which was samples 150,000 - 1,955,000 followed by samples 

2,023,000 – 3,831,000. The measured length was reduced from 884 seconds to 723 

seconds. 

 

figure B03Z.2 – The modified signal B03Z, including samples 150,000.1,955,000 and 2,023,000-3,831,000, with a 

measured time of 723 seconds. 
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The autocorrelation for the modified signal is shown in figure B03Z.3, a correlation 

length of more than 350 seconds would be the result of this calculation. This is not a 

valid result and the modified signal has to be filtered to take away the disturbing 

frequency that makes the autocorrelation function not valid.  

 

figure B03Z.3 – The autocorrelatio for the modified signal B03Z. 

To filter away the disturbing frequency, the frequency must be known. By calculating 

a power spectral density (PSD) and a power spectrum (PS), the disturbing frequency 

can be seen. In figure B03Z.4, the PSD for the modified signal can be seen. The PSD 

plot consist of two PSD curves where on curve is calculated with an interval length of 

N1=25,000 and the other curve is calculated with a much bigger interval, in this case 

chosen to N2=100,000. 

 

figure B03Z.4 – Power spectral density of B03Z, 0 < f < 100 Hz, where N1=25,000 and N2=100,000. 
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By looking at the first peak in the PSD which occur at 1.5 Hz, see figure B03Z.5, it is 

shown that for N2=100,000 the peak is increasing. This points to a periodic component 

but a power spectrum (PS) has to be calculated to state that. 

 

figure B03Z.5 – Power spectral density for the modified signal B03Z, 0 < f < 9Hz, where N1=25,000 samples and 

N2=100,000 samples, showing a growing peak at 1.5Hz. 

In figure B03Z.6, the calculated PS is shown for two curves with the same interval 

length as in the PSD, which was N1=25,000 and N2=100,000. 

 

figure B03Z.6 – Power spectrum for the modified signal B03Z, 0 < f < 100Hz, where N1=25,000 samples and 

N2=100,000 samples. 
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The peak at 1.5Hz from the power spectral density (PSD), was investigated in the 

power spectrum (PS), see figure B03Z.7. The peak is growing for N2=100,000 which 

means that a periodic component not can be stated. Since the autocorrelation shows 

that a frequency was disturbing the function, the frequency of 1.5Hz should be filtered 

away to see if the autocorrelation can produce a valid result. 

 

figure B03Z.7 – Power spectrum for the modified signal B03Z, 0 < f < 12, where N1=25,000 samples and 

N2=100,000 samples, showing a growing peak at 1.5Hz. 

A Butterworth notch filter was designed to filter the signal for 0.5 to 2.5Hz with an 

attenuation of 80dB. The signal was filtered, see figure B03Z.8, and modified to 

exclude the first and last 10,000 samples due to the impulse response. 

 

figure B03Z.8 – The filtered modified signal B03Z, filtered for 0.5-2.5Hz. 
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The autocorrelation for the filtered signal B03Z was performed, see figure B03Z.9. The 

correlation length was decreased from 350 seconds to a much smaller value, making 

the assumption that 1.5Hz was the disturbing frequency. 

 

figure B03Z.9 – The autocorrelation for the filtered modified signal B03Z. 

The autocorrelation reaches the interval between -0.01 to 0.01 after 0.5 seconds and its 

periodic movement ends after 1.5 seconds, see figure B03Z.10. Resulting in a chosen 

correlation length of 1.5 seconds. 

 

figure B03Z.10 – The autocorrelation for the filtered modified signal B03Z, filtered for 0.5-2.5Hz, 0 < 𝜏 < 18 

seconds. 

To perform stationarity tests, an interval length must be known. This interval length 

was chosen to be the same length as the best suitable averaging length for the squared 
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samples curve. The squared samples curve was calculated by taking the square of each 

element of the filtered modified signal. Three different averaging lengths, 0.005, 0.1 

and 0.5 seconds was used to calculate the moving average of the squared signal 

samples for each length, see figure B03Z.11. 

 

figure B03Z.11 – The moving average of the squared signal samples for T=0.005, 0.1 and 0.5 seconds together 

with the squared samples curve for the filtered modified signal B03Z. 

The averaging time 0.1 seconds produced a curve that reproduced the character of the 

squared samples curve accurately without displaying a large random error, see 

figure B03Z.12. An interval length of 0.1 seconds was chosen for the stationarity tests. 

 

figure B03Z.12 – The moving average of the squared signal samples for T=0.005, 0.1 and 0.5 seconds together 

with the squared samples curve for the filtered signal, 223 < t < 225 seconds. 
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The kurtosis of B03Z was determined with an averaging time length of T=0.1s.  This 

value for the averaging time length was determined to be sufficient based on the 

moving mean square values that had determined to be a good estimation for the moving 

average. Two vectors of the signal, one with each value raised to a power of two and 

the other with each value raised to a power of four were created. The movmean function 

together with eq.( 13 ) were used to determine the kurtosis. The kurtosis for B03Z can 

be seen in figure B03Z.13. The average kurtosis for B03Z was calculated to 2.22 

 

figure B03Z.13 – Kurtosis for 0 < t < 600. 

 

A correlation length of 1.5 seconds, or 7,500 samples together with an interval length 

of 0.1 seconds or 500 samples resulted in 449 intervals. Each interval was taken the 

mean square, see figure B03Z.14. These values were used to perform the runs and 

reverse arrangement tests to check the stationarity of the filtered modified signal. 
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figure B03Z.14 – The mean square for each of the 449 intervals. 
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Results for B03Z: 

The filtered signal B03Z was found to be piecewise weakly stationary for 4 intervals, 

which can be seen in table B03Z.2. 

Table B03Z.2  –Piecewise weakly stationary intervals for B03Z. 

Interval 

number 

Interval start 

[s] 

Interval end 

[s] 

1 0 416.0 

2 416.0 428.8 

3 428.8 702.4 

4 702.4 718.4 

 

The filtered signal together with the mean square values for the intervals used in the 

stationarity tests and the piecewise weakly stationary intervals can be seen in 

figure B03Z.14. 

 

figure B03Z.14 - Result from the stationarity tests for B03Z. 
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APPENDIX 11: B04X 

B04X was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table B04X.1.  

Table B04X.1: Analysis procedure for B04X. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 883.95 

Part 1 of the signal to be 

analysed 
150,000 - 1,955,000 

Part 2 of the signal to be 

analysed 
2,023,000 – 3,831,000 

Modified time length [s] 722.60 

Filtered Yes [0.6-2.6] Hz 

Correlation length [τ] 2.s / 10,000 sample 

PSD/PS check 
No periodic 

components 

Filtered length [s] 718.60 

Interval length [s] 0.1s / 500 sample 

Number of intervals 342 

Weakly stationary Yes 

Piecewise weakly 

stationary 
No 

Non-stationary No 
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Implementation of B04X: 

The original signal B04X is shown in figure B04X.1, the signal has a measured length 

of 884 seconds, or 4,419,741 samples. Only the valid data in the signal from the two 

testruns is necessary. A modification of the signal was performed to reduce the data to 

only include the valid data. 

 

figure B04X.1 – The original signal B04X, 0 < t < 884s. 

The modified signal is shown in figure B04X.2. The reduced measured time is now 

723 seconds, consisting of samples 150,000 - 1,955,000 followed by samples 

2,023,000 – 3,831,000.  

 

figure B04X.2 – The modified signal B04X,0 < t < 723s. 
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The autocorrelation for the modified signal was calculated and is shown in 

figure B04X.3. The chosen interval where the autocorrelation is accepted was chosen 

to -0.01 -0.01. 

 

figure B04X.3 – The autocorrelation of the modified signal B04X. 

By looking closer at the autocorrelation, see figure B04X.4. A periodic movement was 

seen. The signal had therefore be filtered for some specific frequency. 

 

figure B04X.4 –The autocorrelation for the modified signal, 0 < 𝜏 < 6 seconds. 
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To check whether any periodic components are in the modified signal, a power spectral 

density (PSD) calculation was performed together with a power spectrum (PS). The 

PSD is shown in figure B04X.5, where two PSD curves were calculated. One with an 

interval length of N1=25,000 and one with a bigger interval length, chosen to 

N2=100,000.  

 

figure B04X.5 – Power spectral density for the modified signal B04X with N1=25,000, N2=100,000. 

A peak at 1.6Hz occurs, see figure B04X.6. The peak is growing for N2=100,000 

compared to N1=25,000. This means that a periodic component could be a part of the 

signal. A PS had to be performed to check if that is the case. 

 

figure B04X.6 – Power spectral density for the modified signal B04X, showing a growing peak at 1.6Hz, where 

N1=25,000 samples and N2=100,000 samples. 
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A power spectrum (PS) was calculated, see figure B04X.7, for two curves with the 

same interval length as in the power spectral density (PSD), which was N1=25,000 

samples and N2=100,000 samples. 

 

figure B04X.7 – Power spectrum for the modified signal B04X with N1=25,000 samples and  N2=100,000 

samples. 

The same peak as in the PSD was studied in the PS, see figure B04X.8. The peak was 

still growing for N2, which means that 1.6Hz can not be fully stated as a periodic 

component. Since the auto correlation indicated that some frequency disturbs the 

function, the frequency 1.6 Hz shall be filtered away even though it can not be said 

that this is a periodic component by looking at the PSD and PS. 

 

figure B04X.8 – Power spectrum for the modified signal B04X showing a growing peak at 1.6Hz, where 

N1=25,000 and N2=100,000. 
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A Butterworth notch filter was designed to filter the signal for 0.6-2.6 Hz with an 

attenuation of 80 dB. The signal was filtered with the designed filter, see 

figure B04X.9. The signal was modified due to the impulse response and the last and 

first 10,000 samples were excluded. 

 

figure B04X.9 – The filtered modified signal, filtered for 0.6-2.6 Hz. 

The autocorrelation for the filtered signal was calculated, see figure B04X.10.  

 

figure B04X.10 – The autocorrelation for the filtered signal,filtered for 0.6-2.6 Hz. 

By analysing the autocorrelation in the beginning, see figure B04X.11, it was seen that 

the correlation reached the interval after 0.5 seconds and the periodic movement ended 
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after 2 seconds. A correlation length of 2 seconds was therefore used for the stationarity 

tests. 

 

figure B04X.11 – The autocorrelation for the filtered modified signal, 0 < 𝜏 < 6. 

An interval length is needed to calculate how many intervals the modified signal shall 

be divided into. The interval length is chosen to be the same as the best suitable 

averaging length for the moving average of the squared signal samples. The moving 

average of the squared signal samples was calculated for three averaging lengths, 

T=0.005, 0.1 and 0.5 seconds, see figure B04X.12. The squared samples curve was 

calculated by taking the square for each element in the modified signal.  

 

figure B04X.12 – Moving average of the squared signal samples for the modified signal B04X for T=0.005s,0.01s 

and 0.5s, together with the squared samples curve. 
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The averaging time of 0.1 seconds followed the squared samples curve closely with a 

low random error, see figure B04X.13. An interval length of 0.1 seconds was chosen. 

 

figure B04X.13 – Moving average of the squared signal samples, 189 < t < 191, for T=0.005, 0.1 and 0.5s  

together with the squared samples curve. 

The kurtosis of B04X was calculated by using an averaging time length of T=0.1s.  

This value for the averaging time length was determined to be sufficient based on the 

moving mean square values that had determined to be a good estimation for the moving 

average. Two vectors of the signal, one with each value raised to a power of two and 

the other with each value raised to a power of four were created. The movmean function 

together with eq.( 13 ) were used to determine the kurtosis. The kurtosis for B04X can 

be seen in figure B04X.14. The average kurtosis for B04X was calculated to 1.39 

 

figure B04X.14 – Kurtosis for 0 < t < 600. 
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A correlation length of 2 seconds together with an interval length of 0.1 seconds 

resulted dividing the modified signal into 342 intervals. Each interval was taken the 

mean square for, see figure B04X.15. These values were used to perform the runs and 

reverse tests to check stationarity. 

 

figure B04X.15 – Mean square for each of the 342 intervals. 
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Result for B04X: 

The modified signal B04X was found to be weakly stationary for 0 to 718.2 seconds. 

The modified signal together with the mean square values for the intervals used in the 

stationarity test and the weakly stationary interval can be seen in figure B04X.16. 

 

figure B04X.16 - Result from the stationarity tests for B04X.
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APPENDIX 12: B04Y 

B04Y was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table B04Y.1.  

Table B04Y.1: Analysis procedure for B04Y. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 883.95 

Part 1 of the signal to be 

analysed 
150,000 - 1,955,000 

Part 2 of the signal to be 

analysed 
2,023,000 – 3,831,000 

Modified time length [s] 722.60 

Filtered Yes, [0.7 - 2.7] Hz 

Correlation length [τ] 2s / 10,000 sample 

PSD/PS check 
No periodic 

components 

Filtered length [s] 718.60 

Interval length [s] 0.1s / 500 sample 

Number of intervals 342 

Weakly stationary No 

Piecewise weakly 

stationary 
Yes 

Non-stationary No 
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Implementation of B04Y: 

In figure B04Y.1, the original signal is shown. The measured time is 884 seconds, 

which is 4,419,741 samples. The signal had to be modified to only include valid data 

from the two testruns. 

 

figure B04Y.1 – The original signal B04Y, 0 < t < 884s. 

The modified signal consists of samples 150,000 - 1,955,000 followed by samples 

2,023,000 – 3,831,000. The modified signal has a measured time of 723 seconds, see 

figure B04Y.2, and consists of 3,613,002 samples. 

 

 

figure B04Y.2 – The modified signal B04Y, 0 < t < 723s. 
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The autocorrelation was calculated for the modified signal, see figure B04Y.3. A 

correlation length of more than 600 seconds was obtained, which is not a valid result. 

The signal had to be filtered for some frequency that disturbed the autocorrelation. 

 

figure B04Y.3 – The autocorrelation of the modified signal B04Y.  

To find what frequency that must be filtered away a power spectral density (PSD) and 

a power spectrum (PS) was calculated. In figure B04Y.4, the PSD for two different 

interval lengths is shown. The first one was calculated with N1=25,000 samples. The 

other one was chosen to be much bigger compared to the first one and was calculated 

with N2=100,000 samples. 

 

figure B04Y.4 – Power spectral density of the modified signal B04Y with N1=25,000, N2=100,000, 0 < f < 100 

Hz. 

 



 

APPENDIX 12: p.4:10 

 Dahlman & Johansson 

The first peak at 1.7 Hz in the power spectral density (PSD), see figure B04Y.5, is 

growing for N2 compared to N1. This indicates that a periodic component is a part of 

the signal. By comparing the peak in the PSD with the one in the power spectrum (PS), 

a statement can be done if it is a periodic component or not. 

 

figure B04Y.5 – Power spctral density showing an increasing peak at 1.7Hz, where N1=25,000 and N2=100,000, 

0 < f < 5Hz. 

A PS was calculated for two interval lengths, N1=25,000 and N2=100,000, the same 

as in the PSD, which can be seen in figure B04Y.6. 

 

 

Figure B04Y.6 – Power spectrum for the modified signal B04Y with N1=25,000, N2=100,000 for 0 < f < 100 Hz. 
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The same peak as in the power spectral density (PSD) was analysed in the power 

spectrum (PS). The peak at 1.7 Hz was still growing for N2 compared to N1, see figure 

B04Y.7. Therefore, it cannot be fully stated that there is a periodic component in the 

modified signal. But since the autocorrelation indicated that there is some frequency 

that disturbs the function, the frequency at 1.7Hz should be filtered away. 

 

Figure B04Y.7 – Power spectrum  showing a growing peak at 1.7Hz, where N1=25,000 samples and N2=100,000 

samples, 0 < f < 8 Hz.. 

A Butterworth notch filter was designed to filter away frequencies from 0.7 to 1.7 with 

an attenuation of 80dB. The modified signal was filtered, see figure B04Y.8. The 

filtered signal was modified due to the impulse response of the filter and the first and 

last 10,000 samples was excluded. 

 

Figure B04Y.8 – Filtered modified signal B04Y, filtered for 0.7-2.7Hz. 
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The autocorrelation for the filtered modified signal was calculated, see figure B04Y.9. 

The autocorrelation reaches the interval were the correlation is accepted much earlier 

than without the filter, which indicates that 1.7Hz was the disturbing frequency. 

 

figure B04Y.9 – Autocorrelation for the filtered modified signal B04Y, filtered for 0.7-2.7Hz. 

The autocorrelation reaches the accepted interval after 1.5 seconds and the periodic 

movement ends after 2 seconds, see figure B04Y.10. A correlation length of 2 seconds 

is therefore chosen to be used when dividing the filtered modified signal into intervals. 

 

figure B04Y.10 – The autocorrelation for the filtered modified signal B04Y, filtered for 0.7-2.7Hz, 0 < 𝜏 < 6 

seconds. 
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The interval length that shall be used to divide the filtered modified signal into equally 

big intervals was chosen to be the same as the best suitable averaging time. The moving 

average of the squared signal samples was calculated with three averaging times, 

T=0.005, 0.1 and 0.5 seconds, see figure B04Y.11. The squared samples curve was 

calculated by taking the square of each element in the filtered modified signal. The 

moving average of the squared signal samples that matches the squared samples curve 

closely without displaying a large random error will be the chosen averaging time, and 

thus the chosen interval length. 

 

figure B04Y.11 – Moving average of the squared signal samples for the filtered modified signal B04Y with 

averaging time T=0.005, 0.1 and 0.5 seconds, together with the squared samples curve. 

The chosen interval length was 0.1 seconds since it followed the squared sample curve 

accurately, while at the same time displaying a low variance. The difference compared 

to the other averaging times is shown in figure B04Y.12. 
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figure B04Y.12 – Moving average of the squared signal samples for T=0.005s, 0.1s, 0.5s and the squared samples 

curve, 187< t <189 

The kurtosis of B04Y was determined by using an averaging time length of T=0.1s.  

The reason for choosing this value for the averaging time length was due to the 

previous analysis of the moving mean square. The analysis found that0.1 seconds was 

a good estimation for the moving average. Two vectors of the signal, one with each 

value raised to a power of two and the other with each value raised to a power of four 

were created. The movmean function together with eq.( 13 ) were used to determine 

the kurtosis. The kurtosis for B04Y can be seen in figure B04Y.13. The average kurtosis 

for B04Y was calculated to 1.11 

 

figure B04Y.13 – Kurtosis for 0 < t < 600. 

. 
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With a correlation length chosen to 2 seconds, or 10,000 samples together with an 

interval length of 0.1 seconds, or 500 samples, the filtered modified signal was divided 

into 342 equal intervals, see figure B04Y.14. The mean square was calculated for each 

interval and was used to perform the runs and the reverse arrangement tests to check 

stationarity. 

 

figure B04Y.14 – Mean square for each of the 342 intervals. 
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Result for B04Y: 

The filtered modified signal B04Y was found to be piecewise weakly stationary in two 

intervals. The intervals can be seen in table B04Y.2  

Table B04Y.2 – Piecewise weakly stationary intervals for B04X. 

Interval 

number 

Interval start 

[s] 

Interval end 

[s] 

1 0 552.3 

2 552.3 718.2 

The filtered modified signal, the mean square for each interval used in the stationarity 

tests together with the piecewise weakly intervals are shown in figure B04Y.15. 

 

figure B04Y.15 - Result from the stationarity tests for B04Y.
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APPENDIX 13: B04Z 

B04Z was analysed to examine the stationarity of the signal. The values originating 

from the different parts of the analysis are shown in Table B04Z.1.  

Table B04Z.1: Analysis procedure for B04Z. 

Operation Empty on test track 

Sampling frequency [Hz] 5000 

Original time length [s] 883.95 

Part 1 of the signal to be 

analysed 
150,000 - 1,955,000 

Part 2 of the signal to be 

analysed 
2,023,000 – 3,831,000 

Modified time length [s] 722.60 

Filtered Yes, [0.6 – 2.6] Hz 

Correlation length [τ] 1.5s / 7,500 sample 

PSD/PS check 
No periodic 

components 

Filtered length [s] 718.60 

Interval length [s] 0.1/500 sample 

Number of intervals 449 

Weakly stationary No 

Piecewise weakly 

stationary 
Yes 

Non-stationary No 
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Implementation of B04Z: 

In figure B04Z.1, the original signal B04Z is shown. The signal is measured over 884 

seconds and consists of 4,419,741 samples. The signal must be modified to only 

include valid data from the two test runs.  

 

figure B04Z.1 – The original signal B04Z, 0 < t < 884 seconds. 

The modified signal, see figure B04Z.2, is reduced to only include the valid data, which 

is samples 150,000 - 1,955,000 followed by samples 2,023,000 – 3,831,000. These 

samples resulted in a measured time of 723 seconds. 

 

figure B04Z.2 – The modified signal consisting of samples 150,000-1,955,000 and 2,023,000-3,831,000, for 

0 < t < 723 seconds. 
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The autocorrelation of the modified signal was calculated, see figure B04Z.3. A 

correlation length of more than 150 seconds was obtained, which is not a valid result. 

The signal had to be filtered from any disturbing frequency. 

 

figure B04Z.3 – The autocorrelation of the modified signal. 

To find the disturbing frequency, a power spectral density (PSD) and a power spectrum 

(PS) was calculated. In figure B04Z.4, the PSD for two different interval lengths is 

shown. The first one was calculated with N1=25,000 samples. The other one was 

chosen to be much bigger compared to the first one and was calculated with 

N2=100,000 samples. 

 

figure B04Z.4 – Power spectral density for the modified signal, where N1=25,000 samples and N2=100,000 

samples, 0 < f < 100Hz. 
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The first peak at 1.6 Hz in the power spectral density (PSD), see figure B04Z.5, is 

growing for N2 compared to N1. A periodic component may be a part of the signal. 

By comparing the peak in the PSD with the same peak in the power spectrum (PS), it 

can be shown if the peak is a periodic component or not.  

 

figure B04Z.5 – Power spectral density for the modified signal, where N1=25,000 samples and N2=100,000 

samples, 0 < f < 4 Hz. 

A PS was calculated for the same interval length as in the PSD, which was N1=25,000 

samples and N2=100,000 samples, see figure B04Z.6. 

 

figure B04Z.6 – Power spectrum for the modified signal, where N1=25,000 samples and N2=100,000 samples, 

0 <  f < 100Hz. 
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The same peak at 1.6Hz as in the power spectral density was analysed in the power 

spectrum, see figure B04Z.7. N2 continued to grow compared to N1, which means that 

no periodic component can be completely stated. But since the autocorrelation 

indicated that some frequency was disturbing the function, the frequency 1.6Hz should 

be filtered to see what happened with the autocorrelation. 

 

figure B04Z.7 – Power spectrum for the modified signal B04Z shoing an increasing peak at 1.6Hz,, where 

N1=25,000 and N2=100,000.  

A Butterworth notch filter was designed to filter away frequencies of 0.6 to 1.6 Hz 

with an attenuation of 80dB. The modified signal was filtered, see figure B04Z.8. The 

filtered signal was modified to exclude the first and the last 10,000 samples due to the 

impulse response of the filter. 

 

figure B04Z.8 - The filtered modified signal B04Z, filtered for 0.6-2.6Hz. 
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The autocorrelation of the filtered modified signal B04Z is shown in figure B04Z.9. 

The autocorrelation reached the interval much earlier than 150 seconds, which means 

that 1.6Hz was the right frequency to filter away. 

 

figure B04Z.9 – The autocorrelation for the filtered modified signal. 

The autocorrelation reaches the interval and stay there after 0.5 seconds. The periodic 

movement ends after 1.5 seconds, see figure B04Z.10. A correlation length of 1.5 

seconds was chosen. 

 

figure B04Z.10 – The autocorrelation for the filtered modified signal B04Z, filtered for 0.6-2.6Hz, 0 < 𝜏 < 9 

seconds. 
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An interval length was needed to be able to calculate how many intervals the filtered 

modified signal should be divided into. The interval length was chosen to be the same 

as the best suitable averaging length for the moving average of the squared signal 

samples. The moving average of the squared signal samples was calculated for three 

averaging lengths, T=0.005 seconds, T=0.1 seconds and T=0.5 seconds, see figure 

B04Z.11. The squared samples curve was calculated by taking the square for each 

element in the filtered modified signal. The best suitable averaging length was the one 

that follows the squared samples curve best. 

 

figure B04Z.11 – The moving average of the squared signal samples for three averaging lengths 0.005, 0.1, 0.5 

seconds together with the squared samples curve. 

The moving average of the squared signal samples with an averaging time of 0.1s 

followed the squared samples curve accurately without displaying a too large random 

error, see figure B04Z.12. An interval length of 0.1 seconds was chosen. 
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figure B04Z.12 – The moving average of the squared signal samples for averaging times 0.005, 0.1 and 0.5 s, 

together with the squared samples curve, 691 < t < 371  seconds. 

The kurtosis of B04Z was determined by using an averaging time length of T=0.1s.  

The reason for choosing this value for the averaging time length was due to the 

previous analysis of the moving mean square. The analysis found that0.1 seconds was 

a good estimation for the moving average. Two vectors of the signal, one with each 

value raised to a power of two and the other with each value raised to a power of four 

were created. The movmean function together with eq.( 13 ) were used to determine 

the kurtosis. The kurtosis for B04Z can be seen in figure B04Z.13. The average kurtosis 

for B04Z was calculated to 1.68 

 

figure B04Y.13 – Kurtosis for 0 < t < 600. 
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A correlation length of 1.5 seconds, or 7,500 samples and an interval length of 0.1 

seconds, or 500 samples resulted in dividing the filtered modified signal into 449equal 

intervals. The mean square for each interval was calculated, see figure B04Z.14. These 

values were used to perform the runs and reverse arrangement tests to check for 

stationarity. 

 

figure B04Z.14 – Mean square for each of the 449 intervals. 
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Result for  B04Z: 

 

The filtered signal B04Z was found to be piecewise weakly stationary for seven 

intervals. The intervals can be seen in table B04Z.2.  

Table B04Z.2– Piecewise weakly stationary intervals for B04Z. 

Interval 

number 

Interval start 

[s] 

Interval end 

[s] 

1 0 363.2 

2 363.2 400.0 

3 400.0 534.4 

4 534.4 675.2 

5 675.2 688.0 

6 688.0 710.4 

7 710.4 718.4 

The filtered modified signal together with the mean square values for the intervals used 

in the stationarity tests and the piecewise weakly stationary intervals can be seen in 

figure B04Z.15. 

 

figure B04Z.15 - Result from the stationarity tests for B04Z. 
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