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Abstract 
The condition of the roads is a factor that may not only affect the wear of a vehicle, car or 
truck, but as well may reduce fuel consumption, increase comfort, lower noise and maybe 
most importantly increase traffic safety. This gives a need of a system that can measure road 
quality and detect potholes, which could be of interest to haulers and to local road authorities 
that would get valuable information of road sections that are in need of maintenance.  

In this Master Thesis different algorithms were developed, and tested, that could 
automatically detect different kind of road anomalies using only an three-axis accelerometer 
mounted on the chassis of heavy duty trucks from Scania. Data collection was performed using 
two different trucks and the road anomalies were noted by the co-driver using the keyboard of 
a laptop. This Master Thesis also explored the correlation between the acceleration levels on 
the chassis and high elongation values on the front leaf spring. 

Using a developed evaluation framework, the anomaly detections from the different 
algorithms were compared to the test oracle to determine if the anomaly detection given by 
the algorithm was a true positive hit or a false positive. A great advantage of the developed 
evaluation framework is that additional algorithms could easily be added for evaluation. For 
the evaluation of the algorithms the statistical F-measure, which is the harmonic mean of the 
precision and sensitivity, was used for the test’s accuracy of the algorithms.  

The two algorithms that had the best performance results regarding detection of road 
anomalies were Algorithm – T and Algorithm – SDT. These two algorithms had a F-measure 
score of 65% and 64% respectively when the precision and sensitivity were equally weighted. 
For the correlation between acceleration levels and high elongation levels, Algorithm – SDT 
scored the highest F-measure value of 14%. This value is far from satisfying and a reason for 
the low value is that the algorithms were primarily developed for detection of road anomalies. 
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1 INTRODUCTION 

In this section of the report a short introduction of the thesis is given. The background behind the 
thesis is discussed and the problem definition is formulated. Apart from that there is also a 
subsection in where previous research in the subject, which relate to this work, is reviewed. 

1.1 Background 
Driving style and road quality are two factors that may affect not only the wear of a vehicle, car or 
truck, but as well the fuel consumption and the goods that are being transported. Vehicle owners 
are eager to protect their investments, the vehicles, and increase the life span of them as much as 
possible. This gives the need for a system that can identify, profile and spread information about 
for example road anomalies and road quality from a geographical perspective. With such a 
system, haulage companies can train their drivers by comparing different drivers that run on the 
same route, with the aim to reduce vibrations and potentially the wear on the vehicle and its 
components. It could as well be used for avoiding roads with large number of road anomalies or 
generally bad road quality by taking another route instead. If the vehicle owners are also owners 
of the roads they drive on, which may be the case in mine-operations, it could give information 
about which sections of the roads that are in need of repair or maintenance. 

But it is not only the vehicle owners that could be in need of such a system. The local road 
authorities could be eager to have knowledge about in what condition their roads are in and if 
there are any road anomalies that need their attention. Previous studies have shown that roads 
that are in a better condition yields improved economy and environmental properties in terms of 
lower fuel consumption, reduced vibrations, which means better comfort, lower noise and most 
importantly increased traffic safety [1]. With such a system the local road authorities could get 
valuable information about their roads, experienced by all the vehicles equipped with this system. 
This type of information would give them knowledge about which section of their roads that are 
in need of repair and maintenance. 

1.2 System view 
The layout of a potential application that could be implemented in the future is shown in Figure 1. 
As seen in the figure, the application can be divided into three different sections: 

• Vehicle 
• Scania Server 
• User. 

For the application to work, all the sections need to be able to communicate with one and the 
other. This means that a link of communication is required between the vehicle and the Scania 
Server, and as well between the Scania Server and the users of the application, which could be 
haulers or local road authorities etc., or both. The Scania Server can in this case be seen as a 
connection point between the vehicle, the truck, and the users. 
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Figure 1. Overview of a potential system. 

But the major task of this Master Thesis has been the built in accelerometer in the ECU which is 
marked with a red rectangle in Figure 1. 

1.3 Potential applications for the system: 
• Detection of potholes, manholes, railway crossings and other anomalies that could affect 

the vehicle in a negative manner. 
• Coach the drivers to drive in way that is gentler to the vehicle and its components. 
• Construct a road map with road roughness estimation e.g., using the International 

Roughness Index (IRI). 
• Driver support for avoiding roads with poor road quality and that are containing a large 

number of potholes and rough tarmac. 
• Road management in mining. Heavy loaded vehicles in combination with uneven roads 

may lead to a shorter lifetime of different components of the vehicle. 
• Monitor vibrations on goods that are being transported. 

1.4 Problem definition 
The aim of this Master Thesis project was to construct an evaluation framework were different 
algorithms could be tested but also to make a study on different algorithms that could be used for 
road roughness estimations, for example estimating the International Roughness Index (IRI), and 
anomaly detection, like detecting potholes. This was mainly going to be achieved by usage of 
acceleration levels measured by an three-axis accelerometer mounted to the chassis of the 
vehicle. To have any usage of this type of information it needs to be pinned to a GPS position in 
order to know where the anomaly occurred. This together with communication cost, size and 
number of messages being communicated by a potential system, is also studied. 

Another study was performed regarding if a correlation could be found between the acceleration 
levels and elongation levels measured by a gauge that was mounted on the front leaf spring on 
one of the test vehicles. The purpose for this is to get a better knowledge on whether if the wear 
of the vehicle, or its components, could be estimated, to some extent, by the acceleration levels 
measured by the single accelerometer mounted on the chassis. 
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1.5 Contribution 
The work from this Master Thesis has contributed to an evaluation framework for an automatic 
anomaly detection system where different algorithms were tested and new algorithms could 
easily be added. Better knowledge has also been gained on how vehicle weight and different 
wheel axle configurations affect the performance results and parameterization of the tested 
algorithms. 

1.6 Related research 
There has been some previous researched done in the subject and there are published papers 
that relate to this work: 

The Pothole Patrol: Using a Mobile Sensor Network for Road Surface Monitoring [2]: In this 
paper, by MIT Computer Science and Artificial Intelligence Laboratory, they investigate if their 
system Pothole Patrol can be used for detecting potholes and distinguish them from other road 
anomalies. For this they are only using accelerometers that were placed inside the cabin of seven 
cabs, and GPS sensors. They use a couple of different filters for their pothole detector where each 
filter is used for separating different classes of events from each other. Even though that this 
work seems very similar to this Master Thesis there are some differences. They are for example 
performing their study using a car instead of a truck like in this Master Thesis. In addition, while 
we are studying the effect of different vehicles and how different wheel axle configurations and 
vehicle weight may affect performance, the Pothole Patrol is limited to comparable cars of the 
same make and model. 

Road Condition Monitoring Using On-board Three-axis Accelerometer and GPS Sensor [3]: In 
this paper they are using a three-axis accelerometer and a GPS sensor for road condition 
monitoring. With the acquired data they analyze the Power Spectral Density (PSD) of the 
pavement roughness and estimate the International Roughness Index (IRI) which is one of the 
widely used methods internationally for evaluation the pavement roughness. 

Analysis/Classification/Simulation of Road Surface Profiles [4, 5, 6]: In a series of articles, the 
authors introduce a universal methodology for analysis of discretely sampled road profile data but 
as well a universal classification methodology for the study of shock and vibrations related to the 
road transportation process. The road profiles were measured with a laser profilometer and they 
use 415 km of data, which represent a wide variety of road surfaces. They show that analysis of 
the spatial acceleration enables identification of transients using statistical tools such as skewness 
and kurtosis; and the crest factor. 

They also present a simulation technique of shock and vibrations that are related to the road 
surface irregularities. Their technique is based on a statistical model of road surface profiles that 
characterizes the power spectral density (PSD) of the underlying, stationary profile, the 
probability distribution function (PDF) of the RMS level using the offset Rayleigh distribution 
function, and the transient density. 

Remote Monitoring of Vehicle Shock and Vibrations [7]: The authors introduce a system for 
monitoring vibrations and shocks generated by industrial and commercial transport vehicles. An 
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accelerometer, connected to a microprocessor, is used for measurement of the acceleration 
levels and they provide a solution of how to separate the short-duration vibrations bursts, shocks, 
which usually occur within a background of random vibrations. The approach they use is to first 
break up the signal into segments and calculate the root mean square of each segment. They then 
use two criteria’s for detecting the extreme values within the segments: 

1. Whether the extreme value is greater than three to four times the RMS level. 
2. Whether the extreme value is greater than a preset threshold. 

They as well discuss issues with remote sensing and mention three in particular: data transmission 
rates, communication costs and access of wireless communication networks.  

Real Time Pothole Detection using Android Smartphones with Accelerometers [8]:  Similar to 
The Pothole Patrol [2], the authors have in this paper developed, and analyzed, four different 
algorithms using acceleration levels for detection of potholes. Their best algorithm, called Z-DIFF, 
achieved a true positive hit rate of 92% on a selected test track of 4.4 km. For the measurement 
of the acceleration levels they used four different models of smartphones running Android OS. 

Distributed Road Surface Condition Monitoring Using Mobile Phones [9]: In this research they 
develop a pattern recognition system for recognizing road surface anomalies that contribute to 
road roughness. Several features were extracted from the acceleration signals for the recognition, 
e.g. standard deviation, mean, peak-to-peak, root mean square etc. The data collection was 
performed using a mobile phone, attached to the windshield of a vehicle, which recorded the 
acceleration levels and GPS-position. A camcorder was as well used for confirmation of road 
anomalies. According to the severity of the anomalies they categorized them into two different 
classes and they are in this paper focusing on detecting the more severe anomalies. 

A study on the Use of Smartphones for Road Roughness Condition Estimation [10]: They are in 
this paper performing a study on the features and relationships between acceleration data and 
International Roughness Index (IRI). The acceleration data is collected using a mobile device. The 
reference pavement condition data is obtained using the Vehicle Intelligent Monitoring System 
(VIMS), which is a system developed by Bridge and Structure Laboratory at the University of Tokyo 
for calculations of IRI. 

Automatic Road Anomaly Detection Using Smart Mobile Device [11]: Unlike similar papers that 
have used an accelerometer from a mobile device [3, 8, 9, 10], here the device was mounted on a 
motorcycle and not on a car. Though is the idea the same as in previous papers, to be able to 
detect road anomalies using the acceleration data. The approach they used was to analyze the 
vibration pattern of the acceleration data to differentiate anomalous vibrations from background 
vibrations experienced on smooth roads. They are as well categorizing road section as a function 
of roughness where they define the roughness as number of road anomalies per kilometer.  
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2 ANOMALY DETECTION 

In this section the approach for anomaly detection will be discussed and thoroughly described. In 
Figure 2 an overview of the evaluation framework can be seen and all the blocks in the figure will 
be described further in the subsections. The main idea behind this method is to be able to 
evaluate a set of algorithms and to assess their ability to detect different road anomalies. 

A set of algorithms were selected, developed and evaluated with respect to their ability to detect 
anomalies in a given context. Firstly, using a set of recordings, each algorithm was parameter set 
and the algorithm were optimized with respect to finding anomalies in a given context. Secondly, 
with each algorithm optimized, whey where then compared to each other using a second set of 
recordings. In the subsections below the purpose and performance of all the different blocks, 
seen in Figure 2, are further discussed. 

 

Figure 2. The structure of the used evaluation framework. 

2.1 Evaluation framework 
For the evaluation of test cases an evaluation framework was design and constructed. The 
purpose of a the framework is that it gives a strong tool where evaluation of many different test 
cases potentially could be performed. The foundation of the evaluation framework that was used 
in this Master Thesis is the formula shown in equation (1). 

 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛𝐹𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘(𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑑𝑎𝑡𝑎,𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑑𝑎𝑡𝑎,𝐴𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚) (1) 
 

As seen in equation (1), the formula consists of three input variables: 

1. Training data – The dataset used for training of the algorithm. 
2. Validation data – The dataset used for validation of the algorithm. 
3. Algorithm – The algorithm used. 

The model evaluation method that was used in this Master Thesis was the hold-out sampling 
method which is the simplest method for separation of data [12, 13] and a way of reducing the 
bias [14]. The Training data and Validation data sets were here separated into two entirely 
disjoint data sets. The Training data set was used for the training of the model while the 
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Validation data set was used for estimating the accuracy of the model. The reason for why the 
data is separated into two parts for the training and validation is because if the whole data would 
have been used for both the training and validation it would have led to an over optimistic 
estimate of the predictive accuracy [12]. 

To be able to compare the results from two applications of equation (1), equation (2) is 
introduced as a compliment to it. With equation (2), the evaluation framework gives possibilities 
of constructing many different test cases that can be evaluated and this is the main benefit of this 
evaluation framework. 

 𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛 �𝐸𝐹�𝑇𝑖,𝑉𝑗,𝐴𝑘�,𝐸𝐹(𝑇𝑙 ,𝑉𝑚,𝐴𝑛)� (2) 
 

• EF – Evaluation framework 
• T – Training data 
• V – Validation data 
• A – Algorithm  

As seen in equation (2) different Training data, Validation data and Algorithms, can be chosen to 
be compared which gives many possible test cases to be evaluated. The set of test cases that have 
been evaluated in this Master Thesis will be further discussed in Section 5. 

2.2 REC-block 
The REC-block denotes the data that was recorded during several field tests with the test vehicles. 
Most part of the data used was logged for the purpose of this Master Thesis but some of the data 
was received from the department of Load Analysis at Scania. During 2006 they performed load 
analysis on a test vehicle named Miguel, which was used for the transportation of soya beans in 
Brazil. This will be discussed further in Section 4. 

The recording with the two test vehicles Nalle Puh and Jan-E were during the field tests 
performed in the analysis software tool CANalyzer [15], from Vector Informatik GmbH. With 
CANalyzer it is possible for the operator to control the recording and divide the field tests into 
multiple files. This is an advantage for the operator since it facilitates to separate the data if 
needed.  

During the field tests the data recorded was stored as .blf-files which is a binary logging format in 
CANalyzer. To be able to get useful information from the data files, a two-step conversion had to 
be performed. The preferred file format was .mat due to the fact that the analyses were going to 
be performed in the numerical computing software Matlab [16].  

In the first conversion step the logged data files were converted from .blf-files into the ASCII-
format .asc using CANalyzer. The recording could during the field tests be logged as .asc-files 
straight away, but because that the data size of .asc-files becomes significantly larger than for .blf-
files, the recording was done in .blf in order to not risk to fill the hard disk drive. The second data 
conversion, from .asc to .mat, was performed in Matlab with a script that already existed at 
Scania [17]. 
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2.3 Input Signals 
The input signals varied depending on which algorithm that was used by the framework. The input 
signals of particular algorithms will be discussed in Section 3 but here follows a listing of all the 
input signals: 

2.3.1 Vehicle Speed 
The vehicle speed is obtained from estimations by the tachograph and it is the primary source of 
vehicle speed. The vehicle speed is denoted as v and it is given in kilometers per hour [km/h]. 

2.3.2 Accelerations 
The accelerations signals, in all three dimensions, are obtained from a accelerometer that is built 
in a ECU. The ECU was directly mounted on the chassis and the accelerometer was measuring the 
levels on the chassis hence. The sampling frequency for the accelerometer is 400 Hz and the 
range is ±16 g. The signals in the x, y and z dimensions are denoted ax,y,z respectively and are given 
in meters per second square [m/s2].  

2.3.3 GPS coordinates 
The geographical position of the vehicle is obtained from the GPS-server which is receiving 
information from the GPS-antenna installed on the vehicle. Except for the global location, the GPS 
information messages contain a time-reference, heading and other relevant information for 
navigation of the vehicle. However, the only information used in this thesis is the global position 
for localization of the different anomalies. 

2.3.4 Vehicle weight 
During the field tests the vehicle weight is not obtained by any mass estimation from the vehicle 
but instead by weighing the vehicle before a field test. The vehicle weight will decrease during the 
field test due to the fact that fuel is consumed, that contribution though is here assumed to be 
small compared to the total vehicle weight. One way of estimating the vehicle weight in the final 
product could be by using the mass estimation that is used in VSEN(Virtual Sensor) for the 
gearbox control. The vehicle weight is here denoted as m and it is given in kilograms [kg]. 

2.4 Noted anomalies 
Depending on from which test vehicle data was used by the framework, the anomalies were 
represented differently.  

For the two test vehicles Nalle Puh and Jan-E the different type of road anomalies were 
represented by different keyboard keys. For some field test-sections, it was not taken into 
account what kind of anomaly it was; instead all different anomalies were considered to be the 
same. In other field tests up to ten different keyboard keys were used which means that the 



8 
 

anomalies were categorized as ten different anomalies. This type of listing of anomalies is quite 
subjective since it varies from person to person what might be an anomaly. It can as well be 
difficult for a person to be consistent during all field test since ones opinion on what is an 
anomaly and what is not might change. Another factor that should be taken into account is the 
reaction time by the person pressing the keyboard keys. Here it can be assumed that the 
keyboard keys were, without any exception, pressed after that the vehicle has passed the 
anomaly.  

For the test vehicle Miguel on the other hand, the anomalies were determined by analysis of the 
data from the elongation levels measured by a gauge that was mounted on the front leaf spring of 
the vehicle. Where the elongation levels exceeded a threshold value, which were considered to 
be fragile to the leaf spring, an indication of an anomaly was registered. This means that there 
was no human interaction in determining what was an anomaly and what was not, except 
deciding the threshold value. Unlike in the previous case, with the anomalies registered with key 
strokes, the anomalies here are determined completely objectively by just studying the 
elongation levels from the gauge. 

2.5 (?=)-block 
When evaluating an algorithm the test outcomes given by the algorithm were compared to the 
noted anomalies. For this evaluation, binary classification was used when categorizing the test 
outcomes and noted anomalies, see Figure 3. 

 

Figure 3. The confusion matrix used [12]. 

As seen in Figure 3 the confusion matrix has four potential states [12, 18]:  

• True positive – Test outcome correctly labeled as positive. 
• False positive – Test outcome incorrectly labeled as positive. 
• False negative – Test outcome incorrectly labeled as negative. 
• True negative – Test outcome correctly labeled as negative. 

When deciding what state the test outcomes belonged to, a series of steps were performed. The 
approach that was used was: 

1. When a positive test outcome is found, a positive anomaly is searched for within a time 
range of 3 seconds, before and after the positive test outcome. 

2. If a positive anomaly could be found a true positive state would be registered. If more 
than one positive anomaly is found, the anomaly that is closest in time would be 
connected to the positive test outcome. If a positive anomaly could not be found a false 
positive state is registered. 
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3. For all the positive anomalies that were registered, a positive test outcome is searched for 
within a time range of 3 seconds. 

4. If no positive test outcome could be found a false negative state was registered. (No need 
of registering if a positive test outcome was found and registering true positive values 
since that is performed in step 2.) 

2.6 Result-block 
The test outcomes from the algorithms were decided to be categorized into the following binary 
conditions: 

• true positive 
• false positive 
• false negative. 

As one may notice the true negative condition is absent here. The reason it has not been 
considered for in this Master Thesis, is that a very large amount of the data would result in a true 
negative condition. Because of that, focus has instead been laid on the other conditions. 

With the test outcomes categorized, a study on the hit rate of the algorithm could be performed. 
The most commonly used measure is the accuracy [18], which is defined in equation (3).  

 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
  (3) 

 

But since the accuracy may not be calculated without knowing the number of true negative values 
it could not be used here. However, accuracy is not always the best measure in all cases, e.g. 
when the categorization of the test outcomes is significantly imbalanced [12], such as in our case 
where the true negative condition dominates totally. There are though three other measures that 
are very useful [18]: 

• precision 
• sensitivity 
• F-measure.  

As (4) shows, precision is the ratio between the number of true positive values and the total 
number of positive test outcomes from the algorithm. This means that precision gives a 
percentage of how often a positive test outcome from the algorithm can be connected to an 
positive anomaly. 

 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (4) 

 

The second measure, sensitivity, is the ratio between the number of true positive values and the 
total number of anomalies registered, as seen in equation (5). This means that it gives a 
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percentage of how many of the registered positive anomalies that have resulted in a positive test 
outcome from the algorithms. 

 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (5) 

 

For both these concepts, a value of one is something to strive towards. A precision of one means 
that every positive test outcome can be linked to an anomaly, it does not though say anything 
about of those anomalies that are missed, false negative outcomes. For the sensitivity it is the 
other way around. A value of one for the sensitivity means that all anomalies can be linked to a 
positive test outcome, but it does not say anything about the positive test outcomes that cannot 
be linked to any anomaly, which are the false positive outcomes. 

The last measure that can be used instead of the accuracy, and that does not take the true 
negative values into account, is the F-measure [18, 19, 20]. F-measure is a combination between 
the precision and the sensitivity and is defined as 

 𝐹𝛽 = (1 + 𝛽2)
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙  𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝛽2  ∙  𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
 (6) 

 

where 𝛽 is the weight factor that indicates how many times more important the sensitivity is 
weighted compared to the precision. This means that in the case of 𝛽 = 0.5, the precision is 
weighted twice as important as the sensitivity, and in the case of 𝛽 = 2, the sensitivity is weighted 
twice as important as the precision. 
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3 ALGORITHMS 

As Figure 2 showed, different algorithms were used in order to evaluate which one would give the 
best results in detecting the different anomalies. All the algorithms that were developed and used 
will be discussed thoroughly in the subsection of Section 3, but firstly the different tools that have 
been present in these algorithms will be mentioned and discussed. Some of the tools were 
excluded due to time restraints, but they were considered and relevant for this Master Thesis and 
could be used in future development of algorithms that could be used in a system like this. 

Root mean square (RMS) is a statistical measure and a common way of giving the magnitude of a 
signal [21]. It is especially useful in a signal which varies between positive and negative amplitude, 
like sinusoidal signals, since the sign of the value is neglected. The RMS is defined as 

 

𝑥𝑟𝑚𝑠 =  �
1
𝑁
�𝑥𝑖2
𝑁

𝑖=1

 (7) 

 

where 𝑥 is a value and 𝑁 is the number of values the RMS calculations are preformed on. 

Crest factor indicates how extreme the peaks in a waveform are. This is done by calculating the 
ratio of the peak value, of the waveform, and the root mean square value of the waveform. The 
crest factor is defined as 

 
𝐶 =  

|𝑥|𝑝𝑒𝑎𝑘
𝑥𝑟𝑚𝑠

 (8) 

 

where 𝑥𝑟𝑚𝑠 is the root mean square, see equation (7), in a window of the signal and |𝑥|𝑝𝑒𝑎𝑘 is the 
peak value of the signal in the same window. 

Kurtosis, which is the normalized fourth moment, is often used to detect spikes and other 
transients in a signal. It is a measure of the probability distribution of a real valued random signal. 
For a normal signal the kurtosis value is 3 and that is the value that is the kurtosis is compared to. 
Spikes and other transients give a higher kurtosis value [21]. The kurtosis is defined as  

 𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =  
𝑀4

𝜎4
 (9) 

 

where 𝑀4 is the fourth statistical moment, defined in equation (10), and 𝜎 is the standard 
deviation, defined in equation (11). 

 
𝑀𝑖 =  
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 (10) 
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𝜎 =  �
1
𝑁
�(𝑥𝑖 − 𝜇)2
𝑁

𝑖=1

, where 𝜇 =  
1
𝑁
�𝑥𝑖

𝑁

𝑖=1

 (11) 

 

Auto-correlation is a measure of how well future values can be predicted using past observations 
[21]. The auto-correlation for a power signal is defined as 

 
𝑅𝑥𝑥(𝑘) = lim

𝑁→∞

1
2𝑁 + 1

� 𝑥(𝑖)𝑥(𝑖 + 𝑘)
𝑁

𝑖=−𝑁

 (12) 

 

Cross-correlation is a function that reveals the similarity of two signals as a function of the time 
delay between them [21]. The cross-correlation for a power signal is defined as  

 
𝑅𝑦𝑥(𝑘) = lim

𝑁→∞

1
2𝑁 + 1

� 𝑥(𝑖)𝑦(𝑖 + 𝑘)
𝑁

𝑖=−𝑁

 (13) 

 

Power Spectral Density (PSD) gives information about the distribution of the signal power as a 
function of frequency [21]. PSD is defined as the Fourier transform of the auto-correlation 
function. See equation (12), of the signal. The PSD is defined as 

 
𝑆𝑥𝑥(𝑓) = � 𝑅𝑥𝑥(𝜏)𝑒−𝑖𝜋𝑓𝜏𝑑𝜏

+∞

−∞
 (14) 

 

Cross Power Spectral Density (CPSD) of two signals gives information about where in the 
frequency domain the two signals have something in common and it is defined as the Fourier 
transform of the cross-correlation function, see equation (13) . Since the CPSD, unlike PSD, is a 
complex function it means that it as well contains information about the phase between the two 
signals. The CPSD is defined as  

 
𝑆𝑦𝑥(𝑓) = � 𝑅𝑦𝑥(𝜏)𝑒−𝑖𝜋𝑓𝜏𝑑𝜏

+∞

−∞
 (15) 

 

Pattern Adapted Wavelets for Signal Detection is a Matlab example which uses the continuous 
wavelet transform (CWT) to detect patterns in a signal. One possible area of usage is spike 
detection in a signal [16]. 

Low-pass filters are used for filtering away the high frequencies in a signal, thus reducing noisy 
behavior. 

Fourier Transform is used for expressing the signal in the frequency domain instead of the time 
domain [21]. It is valuable tool for designing a low-pass filter. The Discrete Fourier Transform 
(DFT) is defined as 
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𝑁
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 (16) 

 

Hysteresis is a phenomenon where the current state is not just based on the instantaneous value, 
but as well on its past state. Figure 4 illustrates the theory of hysteresis. 

 

Figure 4. Illustration of hysteresis. 

Correlation coefficient is in engineering used for determining the linear relationship between two 
or more sets of the measured data. The correlation coefficient is defined as in equation (17), were 
𝜎𝑥 and 𝜎𝑦 are the standard deviations, see (11), of signals 𝑥 and 𝑦 respectively, and 𝜎𝑥𝑦 is the 
covariance between the two signals, defined in equation (18). 

 𝜌𝑥𝑦 =  
𝜎𝑥𝑦
𝜎𝑥𝜎𝑦

 (17) 
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where 𝜇𝑥 =  
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�𝑥𝑖

𝑁
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 𝑎𝑛𝑑 𝜇𝑦 =  
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𝑁
�𝑦𝑖

𝑁

𝑖=1

. 

Speed filter is used for rejecting certain events at low speeds that can indicate a anomaly. An 
example of these events is curbs which are usually taken at low speeds. 

3.1 Algorithm – T  
The first algorithm that was tested, and the simplest one, was based on the Z-THRESH algorithm 
presented in [8] and similar to the z-peak algorithm used in [2]. In this algorithm the acceleration 
levels in the z-direction are observed and when the values exceed a specified threshold level an 
indication of an anomaly is given. There is also a speed filter in the algorithm which rejects all 
detections under a certain speed, in this study set to 15 km/h. An example of an anomaly 
detection is shown in Figure 5. 
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3.1.1 Parameters varied 
The only parameter that was varied for the optimization of Algorithm – T was the fixed threshold 
value. 

 

Figure 5. Example of an anomaly detection. 

3.2 Algorithm – SDT 
This algorithm is strongly based on the first algorithm, Algorithm – T, but has been further 
developed and a speed dependent threshold value was used instead of a fixed threshold value. 
Another difference is that this algorithm does not include a speed filter like Algorithm – T does. In 
Figure 6 a comparison is shown where vehicle Jan-E passed over the same pothole at two 
different speeds, 20 km/h and 40 km/h. At ≈ 10 s in Figure 6 the vehicle passed over the pothole 
at 20 km/h and at ≈ 30 s the speed was 40 km/h over the same pothole. As can be seen the 
acceleration levels were significantly higher at 40 km/h than at 20 km/h. With this knowledge a 
speed dependent threshold value is introduced. 

 

Figure 6. Illustration of how the speed affects the acceleration levels. 

The speed dependent threshold value was decided according to equation (19), 

 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑉𝑎𝑙𝑢𝑒 = 𝑘 ∙ 𝑣𝑙 + 𝑚 (19) 
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where 

• v – vehicle speed [km/h] 
• k – multiplication factor 
• l – exponential factor 
• m – offset factor. 

3.2.1 Parameters varied 
For the optimization of Algorithm – SDT, the parameters that were varied are listed here below:  

• Multiplication factor 
• Exponential factor 
• Offset factor 

3.3 Algorithm – RMS 
The main tool used in Algorithm – RMS is the root mean square, see equation (7). In this algorithm 
the root mean square of the acceleration, in z-direction, was calculated over a number of 
samples, depending on the window size. And if the root mean square value exceeds a specific 
threshold value, the algorithm would then identify it as an anomaly.  

The calculations of the root mean square were performed with a window size of N number of 
samples and as well with an overlap in order to reduce the random error [21]. Figure 7 presents 
the main idea behind the window size and the window overlap. Both the window size and the 
overlap are two parameters that were varied in order to optimize the algorithm. The window size 
could in theory be everything between a single sample and up to infinity while the overlap is 
noted in percent and can vary between 0%, which means no overlap, and just below 100%, since 
an overlap of a 100% is not possible. 

 

Figure 7. Window size and overlap. 

Algorithm – RMS included as well a hysteresis interval for the detection of an anomaly. In order 
for the algorithm to indicate an anomaly the threshold value needs to be exceeded. But for the 
algorithm to indicate another anomaly it is not sufficient if the root mean square value drops 
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below the threshold value, it must instead drop down to a value that is under the hysteresis 
interval. An example for what is considered an anomaly, and what is not, is presented in Figure 8. 
The cases that are marked with a circle are indications of an anomaly. 

 

Figure 8. RMS calculation. 

3.3.1 Parameters varied 
The parameters that were varied during the optimization of Algorithm – RMS were: 

• Threshold value 
• Hysteresis value 
• Window size 
• Overlap 

3.4 Algorithm – CF 
This algorithm is very similar to the algorithm in Section 3.3, Algorithm – RMS. The difference 
between them is that in this algorithm the theory with crest factor is added, which is explained in 
(8). This ratio between the |𝑥|𝑝𝑒𝑎𝑘 value and the 𝑥𝑟𝑚𝑠 value indicates how extreme the peak 
value of the acceleration signal is compared to the root mean square value of it. Assuming that an 
anomaly will result in higher peak acceleration levels, the crest factor value would thus increase.  

In order for this algorithm to indicate an anomaly the crest factor must exceed a given threshold 
value, here called Crest Factor threshold value.  

3.4.1 Parameters varied 
To optimize Algorithm –  the following parameters were varied: 

• Crest Factor value 
• Window size 
• Overlap  
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4 FIELD TESTS 

To be able to test the different algorithms described in Section 3, real vehicle data was needed. As 
previously mentioned two different approaches were made. One were data collection was made 
purely for this purpose, described in Section 4.1, and one where the data was obtained from the 
department of Load Analysis, described in Section 4.2. 

4.1 Data collection – using ECU – accelerometer 
For this study data was collected with two vehicles which were equipped with an ECU that has an 
built in three-axis accelerometer. In this section the two test vehicles, the setup of the ECU on 
them, input signals and all the field tests performed will be discussed. 

4.1.1 Test Vehicles 
The two test vehicle that were used were named Nalle Puh and Jan-E (JE). Nalle Puh was a four 
axle gravel truck, which can be seen in Figure 9, and the field tests were performed both with a 
loaded (NPL) and with a unloaded flatbed (NPU). Jan-E was a two axle tractor, seen in Figure 10, 
that during all field tests was installed with a loading frame for balance reasons. 

 

 

Figure 9. Test vehicle Nalle Puh. 

 

Figure 10. Test vehicle Jan-E. 
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4.1.2 Setup 
The placement of the ECU on test vehicle Nalle Puh was on the outside of the left beam of the 
chassis, just behind the second wheel axle. The original thought was to place it on the inside of 
the right beam but due to poor space it was not possible. The placement of the ECU is shown in 
Figure 11. On Jan-E the placement of the ECU was on the inside of the right beam of the chassis 
just in front of the second wheel axle. The placement of it is shown in Figure 12. 

 

Figure 11. Placement of the ECU on the test vehicle Nalle Puh. 

 

Figure 12. Placement of the ECU on the test vehicle Jan-E. 

4.1.3 Input signals 
As mentioned in Section 2.3 the input signals during the field tests with Nalle Puh and Jan-E were: 

• Accelerations in x-, y-, z-directions 
• Vehicle speed 
• Vehicle weight 
• Keyboard keys representing anomalies 
• GPS-signal (Only Nalle Puh, not available on Jan-E) 
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4.1.4 Performed field tests 
Field test were performed on both the Scania test track and on public roads and there were both 
controlled and uncontrolled tests. Most of the controlled tests were performed with both the test 
vehicles and for Nalle Puh both with a loaded and unloaded flatbed. 

4.1.4.1 Scania test track 
At Scania test track several controlled tests were performed which will be discussed in this 
section.  

Test 1 - Driving over a beam 
Driving over a beam was one of the tests performed on the test track, see Figure 13. This test was 
performed with both test vehicles at different speeds, from 10km/h and up to 40 km/h. 

 

Figure 13. The beam obstacle at Scania test track that was used during the field test. 

Test 2 - Driving over a speed bump 
Passing over speed bump was another test performed on the test track at different speeds, from 
10 km/h and up to 40 km/h. At the test track four double speed bumps exist where the length of 
the bump and the distance between the bumps varied. 

The purpose of this test is to get a better understanding of how speed bumps affect the 
acceleration levels. With that knowledge algorithms may be trained at differentiating speed 
bumps from other anomalies that actually are not supposed to be there. 

Test 3 - Driving over cobblestone 
At the test track there is a section where the road is cobbled. Since there are public roads that are 
cobbled it is not wanted that the algorithms indicate an anomaly when driving on cobbled roads. 
This test gives an understanding of how driving on cobbled roads affects the acceleration levels 
and a possibility of training the algorithms not to give an indication of an anomaly when driving on 
them. 

Test 4 - Driving on a flat road 
Another test that was performed on the test track was just driving straight on a flat road at 
different speeds, from 50 km/h and up to 80 km/h. The purpose of this test was too see how 
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different speeds affect the acceleration levels. From this conclusions could be drawn if for 
example the threshold values for detection of anomalies may need to be speed dependent or not. 

Test 5 - Driving over manhole covers 
Manhole covers are as well anomalies that may affect the acceleration levels. A test was 
performed on the test track were four different manhole covers were passed at different speeds, 
from 50 km/h and up to 80 km/h. Due to the fact that the manhole cover was placed on the left 
side of the road it could only be passed with the left side of the vehicles. These tests were 
performed at the same straight as Test 4.  

4.1.4.2 Public roads 
Apart from the tests performed on the Scania test track, field tests were performed on public 
roads as well. During these field tests both controlled and uncontrolled tests were performed. 

Test 6 – Bump on gravel road 
A controlled field test was performed on a gravel road near the concrete factory in Södertälje, see 
Figure 14. A pothole, covering both sides of the vehicle, was passed at different speeds, from 30 
km/h and up to 50 km/h. This test does not only give information about how a wide pothole 
affects the acceleration levels, but as well how traveling on gravel does. The test was performed 
with both test vehicles. 

 

Figure 14. The bump used for Test 6 at the concrete factory. 

Test 7 – Pothole 
At a maneuver space at Svea ingenjörregemente, Ing 1, a field test was performed were the 
vehicle was driven over a pothole, see Figure 15. The pothole was passed with both left side and 
right side of the test vehicles and at different speeds, from 10 km/h and up to 40 km/h. The 
purpose of this test is to see if driving over the same pothole with different sides of the vehicle, 
would lead to different acceleration levels since the ECU is not placed in the middle of the vehicle. 
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Figure 15. The pothole at Svea ingenjörregemente, Ing 1, that was used for Test 7. 

Regular driving on public roads 
Apart from the controlled test on public roads uncontrolled test were performed as well. These 
tests included driving on all type of roads and traffic: city driving, country roads and highways. 
During these tests the different anomalies; potholes, manholes etc, were noted with keyboard 
strokes.  

4.2 Data from the department of Load Analysis  
At the department of Load Analysis at Scania they perform different types of load analysis during 
field tests on their test vehicles. During their field tests the test vehicle could possibly be equipped 
with many different gauges like; accelerometers, strain-, elongation-, force- or torque gauges etc. 
For this Master Thesis, data consisting of acceleration levels in three directions, elongation and 
vehicle speed was received from the department of Load Analysis from a field test they 
performed in Brazil between January and February in 2006. The test vehicle used during this field 
test was named Miguel and was regularly used for soya bean transportations in the country. It is 
here important to once again state that the data received, was not recorded for this purpose but 
instead for a study they started. In this section the setup of the gauges used in this study, input 
signals and the performed field test will be discussed. 

4.2.1 Setup 
The test vehicle Miguel (MI), seen in Figure 16, was equipped with a large number of gauges; 
accelerometers, strain gauges etc, which were used for estimating the wear on different 
components of the vehicle. Due to the complexity only data from three accelerometers, that all 
only measured accelerations in one direction each, and one elongation gauge was used. 

The accelerometers that were used were all installed at the vehicle close to the position of where 
the ECU was placed on the test vehicles Jan-E and Nalle Puh, in order to have as comparable data 
as possible. The elongation gauge, that was used and studied, was placed on right hand side of 
the leaf spring on the front axle. 
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4.2.2 Input signals 
The input signals for Miguel were not the same as for the other two test vehicles. The input 
signals for Miguel were: 

• Accelerations in x-, y-, z-directions 
• Elongation at the front leaf spring 
• Vehicle speed 

 

Figure 16 Test vehicle, Miguel, used during the field test in Brazil in 2006 [22]. 

4.2.3 Performed field tests 
Since Miguel was a vehicle used for transportation of soya beans, the field test was performed as 
regular driving on public roads exclusively. All in all around 9600 kilometers of data was recorded 
during the field test of which around 1000 kilometers of data has been used in this study. The 
route of the field test can be seen in Appendix A.1. 

During the field test the road surface and the quality of the road varied significantly. The road 
surface varied between soft gravel and asphalt and the road quality was everything between 
smooth roads and roads containing a large number of potholes. In Appendix A.1 pictures are 
shown of how the quality of the roads could vary. 

4.3 Separation of data 
The data from the field tests were then separated into two different types, training data sets and 
validation data sets, using the hold out sampling method [12]. For the vehicles Jan-E and Nalle 
Puh all the controlled tests were performed multiple times which means that there were multiple 
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data files for each test case. These were divided so that both the trainings data sets and the 
validation data sets included data from the same test cases. Also the data that was recorded 
during regular driving on public roads were divided into both data sets. This means that the 
training data sets and validation data sets included similar type of field test data. 

For the test vehicle Miguel all the data was recorded during regular driving on roads and there 
was nothing to take into account when dividing the data into training data and validation data 
since there was no information about the road quality. 
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5 TEST CASES 

The evaluation framework introduced in Section 2.1, gave the possibility of constructing several 
test cases that could be evaluated. The test cases that have been chosen for evaluation in this 
Master Thesis are listed below: 

• Test case 1 – Anomaly detection with a set of different algorithms 
• Test case 2 – The effect on algorithm-performance due to vehicle-configuration 

The purpose of these test cases, and what can be learned from the results, will be discussed in the 
following subsections. 

5.1 Test case 1 – Anomaly detection with four algorithms 
In this test case the set of anomalies mentioned in Section 3 were tested against all vehicles to 
evaluate how good they were at detection anomalies. The approach that was used was the 
evaluation framework previously described in equation (1).  

For this test case only training data and validation data that came from the same vehicle was 
used, there was here no interaction between different vehicles. This means that each one of the 
algorithms was evaluated four times, since four different vehicles were used in the study. 

The results from the algorithms in this test case are given as precision, sensitivity and F-measure, 
which were discussed in Section 2.6. Since the algorithms were here evaluated completely 
separately for each vehicle, the parameterization of an algorithm could end up being completely 
different for all the vehicles. With four algorithms and four vehicles cross combined against each 
other, this test case will end up with sixteen results. 

5.1.1 Wear estimation using an accelerometer 
As mentioned in Section 1.3, a potential area of usage for the accelerometer could be to estimate 
the wear of a vehicle and of different components on a vehicle. With the data from the test 
vehicle Miguel, a study was performed on if a correlation could be found between the 
acceleration levels from the accelerometer and elongation levels from a gauge that was mounted 
on the leaf spring on the right side of the front axle. 

5.2 Test case 2 – The effect on algorithm-performance due to 
vehicle-configuration 

To be able to get knowledge on how the algorithms are affected by different wheel axle 
configurations and vehicle weight, another test case was created. In this test case the algorithms 
were trained with a training data set from one of the vehicles, and the validation was performed 
with a validation data set from one of the other vehicles. This means that the evaluation 
framework described in equation (1), was the approach that was used in this test case as well.  
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By using training and validation data from two different vehicles in the evaluation framework in 
equation (1), knowledge could be gained on how different type of wheel axle configurations and 
vehicle weight could possibly affect the parameterization of the algorithms. As a compliment to 
the evaluation framework in equation (1), equation (2) is also introduced in this test case.  

Equation (2) is used here as a tool to compare the results achieved from equation (1) and analyze 
how the algorithms are affected by the different vehicles by comparing the results. The layout of 
how test case 2 was carried out is presented in Figure 17, where each algorithm is trained using a 
training data set from one vehicle and validation data sets from the remaining vehicles.  

 

Figure 17. The layout of test case 2 showed in matrix form. 

The results in this test case are, as for test case 1, given as precision, sensitivity and F-measure. 
These results are then compared, using equation (2), to the results that were achieved in test case 
1 using the same algorithm and the same training data set. By comparing them knowledge can be 
gained on how all the different vehicles affect the parameterization of the algorithm. 
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6 RESULTS 

For the evaluation of the algorithms and the optimization of them, an algorithm was written in 
Matlab that was used only for this purpose. The algorithm compared the detected anomalies, 
from the algorithms, with the anomalies noted with the keyboard by the co-driver (for Miguel the 
anomalies where trigged with high elongation levels measured by the elongation gauge on the 
front leaf spring). 

At first, the training set from each vehicle was used for training the different algorithms and 
optimizing the parameters. The optimization of the parameters was performed with respect to 
three different criteria’s: 

a) Maximize the F-measure with 𝛽 = 0.5  (precision weighted twice as important as 
sensitivity) 

b) Maximize the F-measure with 𝛽 = 1  (precision and sensitivity weighted equally) 
c) Maximize the F-measure with 𝛽 = 2  (sensitivity weighted twice as important as 

precision) 

This means that for each set of training data, for each vehicle, there were three set of parameter 
setups. With the algorithms optimized with respect to these criteria’s, the algorithms were run on 
the validation data set from all vehicles. In this way it was possible to analyze how different wheel 
axle configurations and weight affected the outcome of the algorithms. 

For the presentation of the results, for each algorithm, firstly the three optimal parameterizations 
of the algorithms for each vehicle will be presented. After that the results of when the algorithms 
were evaluated with the validation data sets, from all vehicles, are going to be presented. For 
better visualization of the performance results a color scale was used with three different levels. 
The threshold values for the different levels of the precision, sensitivity and F-measure in the color 
scale are presented in Table 1. 

Table 1. Threshold values of the performance results in the color scale. 

Color Lower limit Higher limit 
Red 0 <0.5 

Yellow 0.5 <0.75 
Green 0.75 1 

6.1 Algorithm – T 
In this section the results from Algorithm – T are presented. Table 2, Table 5, Table 8 and Table 12 
presents what values the threshold level was varied between for all test vehicles and Table 3, 
Table 6, Table 9 and Table 12 present the optimal threshold values for each vehicle with respect 
to the three criteria’s previously mentioned.  

With the optimal parameter values for each vehicle, Algorithm – T was evaluated against the 
validation data for each vehicle. The setup of the validation was according to the evaluation 
framework presented below. 
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The results for test case 1 and 2 using training data from each one of the vehicle are presented in 
Table 4, Table 7, Table 10 and Table 13. 

6.1.1 Using training data from Jan-E 

Table 2. Parameter variation using the training data set from Jan-E. 

Parameter Lower limit Higher limit Interval 
Threshold [m/s2] 0.35 0.65 0.01 

Table 3. Optimal parameter settings using the training data set from test vehicle Jan-E. 

Vehicle Criteria Threshold Pre. Sen. 𝐹𝛽 
JE a) 0.65 0.819 0.500 0.727 
JE b) 0.49 0.669 0.692 0.680 
JE c) 0.39 0.489 0.894 0.767 

Table 4. Results of test case 1 and 2 for all vehicles using optimized parameters according to Jan-E. 

Vehicle Criteria Threshold Pre. Sen. 𝐹𝛽 
JE a) 0.65 0.713 0.572 0.680 
JE b) 0.49 0.593 0.759 0.666 
JE c) 0.39 0.444 0.853 0.720 

NPL a) 0.65 1.000 0.020 0.091 
NPL b) 0.49 0.979 0.059 0.112 
NPL c) 0.39 0.961 0.143 0.172 
NPU a) 0.65 0.873 0.179 0.491 
NPU b) 0.49 0.833 0.304 0.445 
NPU c) 0.39 0.742 0.357 0.398 
MI a) 0.65 0.000 0.000 - 
MI b) 0.49 0.000 0.000 - 
MI c) 0.39 0.000 0.000 - 

 

Using the optimal threshold values achieved when optimization the algorithm with respect to the 
training data from Jan-E, resulted in poor results when the algorithm was evaluated using 
validation data sets from the other test vehicles. As Table 4 shows the F-measure score was far 
from sufficient for the other test vehicles using these optimal threshold values. For the test 
vehicles Nalle Puh – Loaded and Nalle Puh – Unloaded the precision scores were satisfying but on 
the other hand the sensitivity scores were very low which means that far from all registered 
anomalies were detected.  

When analyzing and comparing the results from Table 3 to the results gained when using the 
validation data set from the test vehicle Jan-E in Table 4, it can be seen that the F-measure scores 
are close to each other. In the case with the validation data set the F-measure scores were slightly 
lower. 
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6.1.2 Using training data from Nalle Puh – Unloaded 

Table 5. Parameter variation using the training data set from Nalle Puh – Unloaded. 

Parameter Lower limit Higher limit Interval 
Threshold [m/s2] 0.15 0.35 0.01 

Table 6. Optimized Optimal parameter settings using the training data set from test vehicle Nalle Puh – 
Unloaded. 

Vehicle Criteria Threshold Pre. Sen. 𝐹𝛽 
NPU a) 0.32 0.914 0.659 0.848 
NPU b) 0.22 0.742 0.894 0.811 
NPU c) 0.18 0.662 0.959 0.880 

Table 7 Results of test case 1 and 2 for all vehicles using optimized parameters according to Nalle Puh – 
Unloaded. 

Vehicle Criteria Threshold Pre. Sen. 𝐹𝛽 
JE a) 0.32 0.341 0.939 0.391 
JE b) 0.22 0.238 0.996 0.384 
JE c) 0.18 0.215 1.000 0.578 

NPL a) 0.32 0.946 0.212 0.559 
NPL b) 0.22 0.827 0.473 0.602 
NPL c) 0.18 0.736 0.685 0.694 
NPU a) 0.32 0.663 0.446 0.605 
NPU b) 0.22 0.551 0.750 0.636 
NPU c) 0.18 0.451 0.893 0.747 
MI a) 0.32 0.000 0.000 - 
MI b) 0.22 0.500 0.014 0.027 
MI c) 0.18 0.563 0.028 0.035 

 

The results achieved when optimizing the algorithm with respect to the training data from the 
test vehicle Nalle Puh – Unloaded were very satisfying. For all three criteria’s; a, b and c; the F-
measure scores were above 0.8 and went as high as 0.880 for criteria c. But using these optimized 
parameter values and running the algorithm on the validation data set from Nalle Puh – 
Unloaded, did not result in as high F-measure scores as the training data set, as Table 7 shows. 
The F-measure values decreased for all three criteria´s and the highest score was 0.747. The F-
measure scores for Nalle Puh – Loaded were not far from the values achieved for Nalle Puh – 
Unloaded. The precision was higher for the test vehicle Nalle Puh – Loaded while the sensitivity 
was higher for Nalle Puh – Unloaded.  

For the test vehicle Jan-E it is noticeable that the sensitivity was very high, almost perfect for all 
three criteria´s, while the precision score was low. Regarding the vehicle Miguel the scores were 
far from sufficient regarding all aspects. 
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6.1.3 Using training data from Nalle Puh – Loaded 

Table 8. Parameter variation using the training data set from Nalle Puh – Loaded. 

Parameter Lower limit Higher limit Interval 
Threshold [m/s2] 0.10 0.30 0.01 

Table 9. Optimal parameter settings using the training data set from test vehicle Nalle Puh – Loaded. 

Vehicle Criteria Threshold Pre. Sen. 𝐹𝛽 
NPL a) 0.28 0.810 0.561 0.744 
NPL b) 0.20 0.692 0.813 0.748 
NPL c) 0.14 0.508 0.963 0.817 

Table 10. Results of test case 1 and 2 for all vehicles using optimized parameters according to Nalle Puh – 
Loaded. 

Vehicle Criteria Threshold Pre. Sen. 𝐹𝛽 
JE a) 0.28 0.292 0.971 0.340 
JE b) 0.20 0.225 1.000 0.370 
JE c) 0.14 0.199 1.000 0.555 

NPL a) 0.28 0.913 0.320 0.666 
NPL b) 0.20 0.795 0.571 0.664 
NPL c) 0.14 0.558 0.911 0.809 
NPU a) 0.28 0.616 0.554 0.603 
NPU b) 0.20 0.504 0.804 0.619 
NPU c) 0.14 0.335 0.964 0.701 
MI a) 0.28 0.000 0.000 - 
MI b) 0.20 0.572 0.014 0.028 
MI c) 0.14 0.150 0.070 0.079 

 

As seen in Table 9 the F-measure score achieved when optimizing the algorithm with the training 
data from the vehicle Nalle Puh – Loaded was 0.748 for the equally weighted case, criteria b. This 
score decreased to 0.664 when the algorithm was run on the validation data set for the vehicle, as 
seen in Table 10. For Nalle Puh – Unloaded the sensitivity score was higher compared to Nalle Puh 
– Loaded while the precision was lower. It is also noticeable that the F-measure score slightly 
decreased compared to Nalle Puh – Loaded. Regarding the test vehicles Jan-E and Miguel the 
same conclusions that were stated in 6.1.2 can be drawn here as well.  

6.1.4 Using training data from Miguel 

Table 11. Parameter variation using the training data set from Miguel. 

Parameter Lower limit Higher limit Interval 
Threshold [m/s2] 0.13 0.17 0.01 
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Table 12. Optimal parameter settings using the training data set from test vehicle Miguel. 

Vehicle Criteria Threshold Pre. Sen. 𝐹𝛽 
MI a) 0.15 0.041 0.056 0.043 
MI b) 0.15 0.041 0.056 0.047 
MI c) 0.13 0.028 0.085 0.060 

Table 13 Results of test case 1 and 2 for all vehicles using optimized parameters according to Miguel. 

Vehicle Criteria Threshold Pre. Sen. 𝐹𝛽 
JE a) 0.15 0.213 0.996 0.253 
JE b) 0.15 0.213 0.996 0.351 
JE c) 0.13 0.203 0.996 0.558 

NPL a) 0.15 0.569 0.764 0.600 
NPL b) 0.15 0.569 0.764 0.652 
NPL c) 0.13 0.470 0.877 0.747 
NPU a) 0.15 0.348 0.946 0.399 
NPU b) 0.15 0.348 0.946 0.509 
NPU c) 0.13 0.287 0.946 0.648 
MI a) 0.15 0.175 0.049 0.116 
MI b) 0.15 0.175 0.049 0.077 
MI c) 0.13 0.134 0.120 0.122 

 

The results achieved for the optimization of parameters with the training data from Miguel were 
in all aspect very poor for this vehicle, as shown in Table 12. This was as well the case for the 
results in Table 13 regarding Miguel. For the other vehicles the sensitivity score was satisfying 
while the score of the precision was much worse. Nalle Puh – Loaded was the only test vehicle 
that had a fairly acceptable precision score which also was reflected in its F-measure score that 
was higher than for the other test vehicles Jan-E and Nalle Puh – Unloaded. 

6.2 Algorithm – SDT 
The lower and upper limits for the parameters that were varied in this algorithm are presented in 
Table 14, Table 17, Table 20 and Table 23 for the test vehicles Jan-E, Nalle Puh – Loaded, Nalle 
Puh – Unloaded and Miguel respectively.  

Using the optimal parameter values presented in Table 15, Table 18, Table 21 and Table 24, the 
algorithm was evaluated according to the setup of the evaluation framework as follows: 

 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛𝐹𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘�𝑇𝐽𝐸,𝑁𝑃𝐿,𝑁𝑃𝑈,𝑀𝐼 ,𝑉𝐽𝐸,𝑁𝑃𝐿,𝑁𝑃𝑈,𝑀𝐼 ,𝐴𝑆𝐷𝑇�  
 

The results from the algorithm are presented in Table 16, Table 19, Table 22 and Table 25 using 
the training data set from each vehicle. 
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6.2.1 Using training data from Jan-E 

Table 14. Parameter variation using the training data set from Jan-E. 

Parameter Lower limit Higher limit Interval 
Multiplication factor [-] 0.0 0.05 - 
Exponential factor [-] 0.1 1.1 0.1 

Offset [m/s2] 0.15 0.50 0.01 

Table 15. Optimal parameter settings using the training data set from test vehicle Jan-E. 

Vehicle Criteria Multiplication 
factor 

Exponential 
factor 

Offset 
factor 

Pre. Sen. 𝐹𝛽 

JE a) 0.04 0.7 0.18 0.851 0.479 0.737 
JE b) 0.021 0.7 0.17 0.632 0.723 0.674 
JE c) 0.017 0.7 0.16 0.513 0.874 0.766 

Table 16. Results of test case 1 and 2 for all vehicles using optimized parameters according to Jan-E. 

Vehicle Criteria Multiplication 
factor 

Exponential 
factor 

Offset 
factor 

Pre. Sen. 𝐹𝛽 

JE a) 0.04 0.7 0.18 0.722 0.548 0.679 
JE b) 0.021 0.7 0.17 0.606 0.791 0.686 
JE c) 0.017 0.7 0.16 0.558 0.866 0.780 

NPL a) 0.04 0.7 0.18 1.000 0.028 0.126 
NPL b) 0.021 0.7 0.17 0.980 0.112 0.200 
NPL c) 0.017 0.7 0.16 0.948 0.167 0.201 
NPU a) 0.04 0.7 0.18 0.846 0.246 0.569 
NPU b) 0.021 0.7 0.17 0.753 0.377 0.502 
NPU c) 0.017 0.7 0.16 0.704 0.426 0.463 
MI a) 0.04 0.7 0.18 0.000 0.000 - 
MI b) 0.021 0.7 0.17 0.000 0.000 - 
MI c) 0.017 0.7 0.16 0.000 0.000 - 

 

When comparing the results achieved with the training data set and validation data set of Jan-E it 
is noticeable that there were very small differences on the F-measure score. For the criteria´s b 
and c the F-measure score had slightly increased while it for criteria a had decreased. For the test 
vehicles Nalle Puh – Loaded and Nalle Puh – Unloaded the same conclusions that were stated in 
6.1.1 can as well be drawn here. The precision for Nalle Puh – Loaded and Nalle Puh – Unloaded 
was high while the sensitivity was low. Regarding the vehicle Miguel the result was poor in all 
aspects. 

6.2.2 Using training data from Nalle Puh – Unloaded 

Table 17. Parameter variation using the training data set from Nalle Puh – Unloaded. 

Parameter Lower limit Higher limit Interval 
Multiplication factor [-] 0.0 0.05 - 
Exponential factor [-] 0.1 1.1 0.1 

Offset [m/s2] 0.10 0.20 0.01 
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Table 18. Optimal parameter settings using the training data set from test vehicle Nalle Puh – Unloaded. 

Vehicle Criteria Multiplication 
factor 

Exponential 
factor 

Offset 
factor 

Pre. Sen. 𝐹𝛽 

NPU a) 0.023 0.50 0.20 0.914 0.608 0.829 
NPU b) 0.028 0.30 0.12 0.757 0.915 0.828 
NPU c) 0.028 0.30 0.10 0.716 0.950 0.892 

Table 19. Results of test case 1 and 2 for all vehicles using optimized parameters according to Nalle Puh – 
Unloaded. 

Vehicle Criteria Multiplication 
factor 

Exponential 
factor 

Offset 
factor 

Pre. Sen. 𝐹𝛽 

JE a) 0.023 0.50 0.20 0.449 0.928 0.501 
JE b) 0.028 0.30 0.12 0.232 0.997 0.376 
JE c) 0.028 0.30 0.10 0.221 0.997 0.586 

NPL a) 0.023 0.50 0.20 0.957 0.195 0.538 
NPL b) 0.028 0.30 0.12 0.787 0.563 0.656 
NPL c) 0.028 0.30 0.10 0.732 0.647 0.662 
NPU a) 0.023 0.50 0.20 0.682 0.443 0.615 
NPU b) 0.028 0.30 0.12 0.536 0.787 0.637 
NPU c) 0.028 0.30 0.10 0.487 0.885 0.761 
MI a) 0.023 0.50 0.20 0.000 0.000 - 
MI b) 0.028 0.30 0.12 0.400 0.014 0.027 
MI c) 0.028 0.30 0.10 0.571 0.014 0.018 

 

As in 6.1.2 the results achieved when using the training data from the vehicle Nalle Puh – 
Unloaded were all high, as seen in Table 18, while they decreased when using the validation data 
set of the same vehicle. For Nalle Puh – Loaded the precision was higher while the sensitivity and 
the F-measure score were both lower compared to Nalle Puh – Unloaded.  

When analyzing the results using the validation data set from Jan-E it was clear that almost all of 
the registered anomalies were detected since the sensitivity score was almost equal to 1. On the 
other hand the algorithm had a poor precision score on this data set which resulted in a lower F-
measure score for Jan-E compared to both Nalle Puh – Loaded and Nalle Puh – Unloaded. And for 
Miguel the results were, as previous, poor in terms of precision, sensitivity and F-measure. 

6.2.3 Using training data from Nalle Puh – Loaded 

Table 20. Parameter variation using the training data set from Nalle Puh – Loaded. 

Parameter Lower limit Higher limit Interval 
Multiplication factor [-] 0.0 0.05 - 
Exponential factor [-] 0.1 1.1 0.1 

Offset [m/s2] 0.1 0.2 0.01 
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Table 21. Optimal parameter settings using the training data set from test vehicle Nalle Puh – Loaded. 

Vehicle Criteria Multiplication 
factor 

Exponential 
factor 

Offset 
factor 

Pre. Sen. 𝐹𝛽 

NPL a) 0.03 0.4 0.14 0.821 0.613 0.769 
NPL b) 0.0375 0.3 0.11 0.765 0.726 0.745 
NPL c) 0.0090 0.3 0.13 0.540 0.903 0.796 

Table 22. Results of test case 1 and 2 for all vehicles using optimized parameters according to Nalle Puh – 
Loaded. 

Vehicle Criteria Multiplication 
factor 

Exponential 
factor 

Offset 
factor 

Pre. Sen. 𝐹𝛽 

JE a) 0.03 0.4 0.14 0.314 0.989 0.364 
JE b) 0.0375 0.3 0.11 0.247 1.000 0.396 
JE c) 0.0090 0.3 0.13 0.201 1.000 0.557 

NPL a) 0.03 0.4 0.14 0.857 0.355 0.668 
NPL b) 0.0375 0.3 0.11 0.794 0.468 0.589 
NPL c) 0.0090 0.3 0.13 0.595 0.847 0.781 
NPU a) 0.03 0.4 0.14 0.581 0.607 0.586 
NPU b) 0.0375 0.3 0.11 0.528 0.732 0.613 
NPU c) 0.0090 0.3 0.13 0.361 0.946 0.715 
MI a) 0.03 0.4 0.14 0.000 0.000 - 
MI b) 0.0375 0.3 0.11 0.000 0.000 - 
MI c) 0.0090 0.3 0.13 0.211 0.028 0.034 

 

As seen in Table 21, the results of when Algorithm – SDT was optimized with respect to the 
training data from Nalle Puh – Loaded are quite high in terms of the F-measure score. When 
comparing these results to the ones gained when the validation data set from the test vehicle 
Nalle Puh – Loaded was used, see Table 22, it was noticeable that the F-measure score only 
decreased slightly for criteria c while there was a much larger decrease for criteria a and b. 

For Nalle Puh – Unloaded and Jan-E the sensitivity score was higher compared to NPL while the 
precision was lower. Regarding the F-measure for Nalle Puh – Unloaded and Jan-E the score was 
lower except for when the validation data set from Nalle Puh – Unloaded was evaluated according 
to criteria b, when the precision and sensitivity are equally weighted. For the test vehicle Miguel 
the result are again far away from satisfying as seen in Table 22.  

6.2.4 Using training data from Miguel 

Table 23. Parameter variation using the training data set from Miguel. 

Parameter Lower limit Higher limit Interval 
Multiplication factor [-] 0 0.05 - 
Exponential factor [-] 0.1 1.1 0.1 

Offset [m/s2] 0.10 0.15 0.1 
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Table 24. Optimal parameter settings using the training data set from test vehicle Miguel. 

Vehicle Criteria Multiplication 
factor 

Exponential 
factor 

Offset 
factor 

Pre. Sen. 𝐹𝛽 

MI a) 0.0008 0.4 0.15 0.016 0.083 0.020 
MI b) 0.0 - 0.10 0.015 0.315 0.029 
MI c) 0.0 - 0.10 0.015 0.315 0.064 

Table 25. Results of test case 1 and 2 for all vehicles using optimized parameters according to Miguel. 

Vehicle Criteria Multiplication 
factor 

Exponential 
factor 

Offset 
factor 

Pre. Sen. 𝐹𝛽 

JE a) 0.0008 0.4 0.15 0.213 0.996 0.253 
JE b) 0.0 - 0.10 0.191 1.000 0.321 
JE c) 0.0 - 0.10 0.191 1.000 0.542 

NPL a) 0.0008 0.4 0.15 0.573 0.764 0.603 
NPL b) 0.0 - 0.10 0.312 0.985 0.474 
NPL c) 0.0 - 0.10 0.312 0.985 0.688 
NPU a) 0.0008 0.4 0.15 0.351 0.946 0.401 
NPU b) 0.0 - 0.10 0.193 1.000 0.324 
NPU c) 0.0 - 0.10 0.193 1.000 0.545 
MI a) 0.0008 0.4 0.15 0.194 0.042 0.113 
MI b) 0.0 - 0.10 0.093 0.296 0.141 
MI c) 0.0 - 0.10 0.093 0.296 0.206 

 

As in the case of 6.1.4 the performance results for Miguel for both the training and validation data 
sets were very poor. When evaluating the algorithm on the validation data sets from the other 
vehicles, Jan-E, Nalle Puh – Loaded and Nalle Puh – Unloaded, the same conclusions were reached 
as those that were stated in 6.1.4, the sensitivity score was high while the precision of the 
algorithm was low. 

6.3 Algorithm RMS 
The limits of the parameterization for Algorithm – RMS are presented in Table 26, Table 29, Table 
32 and Table 35 for the test vehicles Jan-E, Nalle Puh – Loaded, Nalle Puh – Unloaded and Miguel 
respectively. 

In Table 27, Table 30, Table 33 and Table 36 the optimal parameter settings are presented for 
each test vehicle using this algorithm. With the optimal parameter values from each vehicle the 
evaluation process was performed according to: 

 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛𝐹𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘�𝑇𝐽𝐸,𝑁𝑃𝐿,𝑁𝑃𝑈,𝑀𝐼 ,𝑉𝐽𝐸,𝑁𝑃𝐿,𝑁𝑃𝑈,𝑀𝐼 ,𝐴𝑅𝑀𝑆�  
 

and the results from the algorithm, with all three evaluation criteria’s, are presented in Table 
28,Table 31, Table 34 and Table 37. 
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6.3.1 Using training data from Jan-E 

Table 26. Parameter variation using the training data set from Jan-E. 

Parameter Lower limit Higher limit Interval 
Threshold [m/s2] 0.2 0.4 0.01 

Hysteresis [-] 0.5 1 0.05 
Window size [s] 0.01 0.1 0.01 

Overlap [%] 25 75 12.5 

Table 27. Optimal parameter settings using the training data set from test vehicle Jan-E. 

Vehicle Criteria Threshold Hysteresis Window 
Size 

Overlap Pre. Sen. 𝐹𝛽 

JE a) 0.40 1.0 0.01 25 0.709 0.606 0.686 
JE b) 0.35 0.95 0.01 25 0.626 0.731 0.675 
JE c) 0.30 1 0.01 25 0.530 0.875 0.774 

Table 28. Results of test case 1 and 2 for all vehicles using optimized parameters according to Jan-E. 

Vehicle Criteria Threshold Hysteresis Window 
Size 

Overlap Pre. Sen. 𝐹𝛽 

JE a) 0.40 1.0 0.01 25 0.625 0.676 0.635 
JE b) 0.35 0.95 0.01 25 0.571 0.763 0.653 
JE c) 0.30 1 0.01 25 0.505 0.831 0.736 

NPL a) 0.40 1.0 0.01 25 0.930 0.059 0.236 
NPL b) 0.35 0.95 0.01 25 0.885 0.103 0.185 
NPL c) 0.30 1 0.01 25 0.805 0.163 0.193 
NPU a) 0.40 1.0 0.01 25 0.767 0.304 0.587 
NPU b) 0.35 0.95 0.01 25 0.738 0.357 0.481 
NPU c) 0.30 1 0.01 25 0.661 0.429 0.461 
MI a) 0.40 1.0 0.01 25 0.000 0.000 - 
MI b) 0.35 0.95 0.01 25 0.000 0.000 - 
MI c) 0.30 1 0.01 25 0.000 0.000 - 

 

When comparing the performance results achieved with the training and validation data sets of 
Jan-E, seen in Table 27 and Table 28, there were only small differences. The F-measure score had 
only slightly decreased for the evaluation with the validation data set compared to the evaluation 
with the training data set of Jan-E. For Nalle Puh – Loaded and Nalle Puh – Unloaded the precision 
was higher compared to Jan-E while both the sensitivity and F-measure were lower. The 
performance results for Miguel were again very poor. 
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6.3.2 Using training data from Nalle Puh – Unloaded 

Table 29. Parameter variation using the training data set from Nalle Puh – Unloaded. 

Parameter Lower limit Higher limit Interval 
Threshold [m/s2] 0.16 0.24 0.01 

Hysteresis [-] 0.5 1.0 0.05 
Window size [s] 0.01 0.1 0.01 

Overlap [%] 25 75 25 

Table 30. Optimal parameter settings using the training data set from test vehicle Nalle Puh – Unloaded. 

Vehicle Criteria Threshold Hysteresis Window 
Size 

Overlap Pre. Sen. 𝐹𝛽 

NPU a) 0.22 1 0.06 62.5 0.841 0.610 0.781 
NPU b) 0.19 0.85 0.01 62.5 0.737 0.894 0.808 
NPU c) 0.16 0.85 0.01 62.5 0.676 0.951 0.880 

Table 31. Results of test case 1 and 2 for all vehicles using optimized parameters according to Nalle Puh – 
Unloaded. 

Vehicle Criteria Threshold Hysteresis Window 
Size 

Overlap Pre. Sen. 𝐹𝛽 

JE a) 0.3 1 0.005 25 0.400 0.930 0.450 
JE b) 0.21 0.8 0.005 25 0.270 0.990 0.430 
JE c) 0.18 0.8 0.005 25 0.240 1.000 0.620 

NPL a) 0.3 1 0.005 25 0.670 0.620 0.660 
NPL b) 0.21 0.8 0.005 25 0.730 0.470 0.570 
NPL c) 0.18 0.8 0.005 25 0.830 0.250 0.290 
NPU a) 0.3 1 0.005 25 0.650 0.480 0.610 
NPU b) 0.21 0.8 0.005 25 0.550 0.750 0.630 
NPU c) 0.18 0.8 0.005 25 0.490 0.880 0.760 
MI a) 0.3 1 0.005 25 0.000 0.000 - 
MI b) 0.21 0.8 0.005 25 0.600 0.014 0.028 
MI c) 0.18 0.8 0.005 25 0.455 0.014 0.018 

 

As in 6.1.2 and 6.2.2, the performance results were high for when the evaluation was performed 
with the training data set of Nalle Puh – Unloaded, see Table 30, while they decrease significantly 
using the validation data set of Nalle Puh – Unloaded, see Table 31.  

For evaluation with validation data sets from the other test vehicles it is worth noticing that the 
precision increased for Nalle Puh – Loaded while it decreased for Jan-E compared to Nalle Puh – 
Unloaded, and vice versa for the sensitivity. The F-measure score was for both Jan-E and Nalle 
Puh – Loaded lower compared to Nalle Puh – Unloaded. As for all previous cases the performance 
results regarding Miguel were poor. 
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6.3.3 Using training data from Nalle Puh – Loaded 

Table 32. Parameter variation using the training data set from Nalle Puh – Loaded. 

Parameter Lower limit Higher limit Interval 
Threshold [m/s2] 0.1 0.2 0.01 

Hysteresis [-] 0.5 1 0.05 
Window size [s] 0.01 0.10 0.01 

Overlap [%] 25 75 12.5 

Table 33. Optimal parameter settings using the training data set from test vehicle Nalle Puh – Loaded. 

Vehicle Criteria Threshold Hysteresis Window 
Size 

Overlap Pre. Sen. 𝐹𝛽 

NPL a) 0.15 0.55 0.05 75 0.543 0.757 0.576 
NPL b) 0.15 0.60 0.05 75 0.540 0.766 0.634 
NPL c) 0.12 0.65 0.01 62.5 0.426 0.991 0.783 

Table 34. Results of test case 1 and 2 for all vehicles using optimized parameters according to Nalle Puh – 
Loaded. 

Vehicle Criteria Threshold Hysteresis Window 
Size 

Overlap Pre. Sen. 𝐹𝛽 

JE a) 0.15 0.55 0.05 75 0.292 0.939 0.338 
JE b) 0.15 0.60 0.05 75 0.281 0.946 0.433 
JE c) 0.12 0.65 0.01 62.5 0.201 1.000 0.556 

NPL a) 0.15 0.55 0.05 75 0.639 0.483 0.600 
NPL b) 0.15 0.60 0.05 75 0.646 0.483 0.553 
NPL c) 0.12 0.65 0.01 62.5 0.514 0.813 0.728 
NPU a) 0.15 0.55 0.05 75 0.406 0.732 0.446 
NPU b) 0.15 0.60 0.05 75 0.421 0.732 0.535 
NPU c) 0.12 0.65 0.01 62.5 0.346 0.964 0.710 
MI a) 0.15 0.55 0.05 75 1.000 0.007 0.034 
MI b) 0.15 0.60 0.05 75 1.000 0.007 0.014 
MI c) 0.12 0.65 0.01 62.5 0.126 0.134 0.132 

 

As previous algorithms have shown, the results gained using the validation data set of Nalle Puh – 
Loaded for evaluation were slightly worse than the results gained using the training data set of 
the same vehicle, see Table 33 and Table 34. From the results gained when using validation data 
sets from Jan-E and Nalle Puh – Unloaded for the evaluation, it can be noticed that the sensitivity 
was higher compared to when the validation data set from Nalle Puh – Loaded was used while the 
precision and F-measure was lower.  

For the test vehicle Miguel it is worth noticing that the precision score was equal to 1 for criteria´s 
a and b. But since the sensitivity was very low, 0.007, for both cases it also resulted in a very low 
F-measure score. 
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6.3.4 Using training data from Miguel 

Table 35. Parameter variation using the training data set from Miguel. 

Parameter Lower limit Higher limit Interval 
Threshold [m/s2] 0.13 0.16 0.005 

Hysteresis [-] 0.5 1 0.05 
Window size [s] 0.0025 0.02 - 

Overlap [%] 25 75 12.5 

Table 36. Optimal parameter settings using the training data set from test vehicle Miguel. 

Vehicle Criteria Threshold Hysteresis Window 
Size 

Overlap Pre. Sen. 𝐹𝛽 

MI a) 0.125 0.5 0.1 50 0.214 0.028 0.092 
MI b) 0.15 1 0.005 50 0.047 0.213 0.076 
MI c) 0.10 1 0.005 75 0.042 0.279 0.132 

Table 37. Results of test case 1 and 2 for all vehicles using optimized parameters according to Miguel. 

Vehicle Criteria Threshold Hysteresis Window 
Size 

Overlap Pre. Sen. 𝐹𝛽 

JE a) 0.125 0.5 0.1 50 0.533 0.058 0.201 
JE b) 0.15 1 0.005 50 0.212 0.867 0.340 
JE c) 0.10 1 0.005 75 0.187 0.989 0.533 

NPL a) 0.125 0.5 0.1 50 0.692 0.044 0.177 
NPL b) 0.15 1 0.005 50 0.638 0.330 0.435 
NPL c) 0.10 1 0.005 75 0.388 0.576 0.415 
NPU a) 0.125 0.5 0.1 50 0.286 0.071 0.179 
NPU b) 0.15 1 0.005 50 0.396 0.482 0.435 
NPU c) 0.10 1 0.005 75 0.303 0.875 0.635 
MI a) 0.125 0.5 0.1 50 1.000 0.007 0.034 
MI b) 0.15 1 0.005 50 0.182 0.042 0.069 
MI c) 0.10 1 0.005 75 0.094 0.289 0.204 

 

As for previous cases of when training data from Miguel has been used for optimization of the 
algorithm, seen in 6.1.4 and 6.2.4, the performance results were far from sufficient in all cases.  

6.4 Algorithm – CF 
The limits for the variation of parameters for test vehicles Jan-E, Nalle Puh – Loaded, Nalle Puh – 
Unloaded and Miguel are presented in Table 38, Table 41, Table 44 and Table 47 respectively and 
the optimal parameters, with respect to the three evaluation criteria’s, are presented in Table 39, 
Table 42, Table 45 and Table 48. 
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The results from the evaluation of the algorithm, which was performed according to: 

 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛𝐹𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘�𝑇𝐽𝐸,𝑁𝑃𝐿,𝑁𝑃𝑈,𝑀𝐼 ,𝑉𝐽𝐸,𝑁𝑃𝐿,𝑁𝑃𝑈,𝑀𝐼 ,𝐴𝐶𝐹�  
 

are presented in Table 40, Table 43, Table 46 and Table 49 using training data from each vehicle. 

6.4.1 Using training data from Jan-E 

Table 38. Parameter variation using the training data set from Jan-E. 

Parameter Lower limit Higher limit Interval 
Overlap [%] 25 75 12.5 

Window size [s] 0.5 2.5 0.1 
Crest factor [-] 4 7 0.25 

Table 39. Optimal parameter settings using the training data set from test vehicle Jan-E. 

Vehicle Criteria Overlap Window 
Size 

Crest 
Factor 

Pre. Sen. 𝐹𝛽 

JE a) 50 2.4 6.5 0.693 0.412 0.610 
JE b) 62.5 1.9 5.5 0.553 0.538 0.545 
JE c) 75 0.5 4 0.340 0.765 0.612 

Table 40. Results of test case 1 and 2 for all vehicles using optimized parameters according to Jan-E. 

Vehicle Criteria Overlap Window 
Size 

Crest 
Factor 

Pre. Sen. 𝐹𝛽 

JE a) 50 2.4 6.5 0.676 0.411 0.599 
JE b) 62.5 1.9 5.5 0.590 0.514 0.549 
JE c) 75 0.5 4 0.406 0.784 0.661 

NPL a) 50 2.4 6.5 0.300 0.014 0.059 
NPL b) 62.5 1.9 5.5 0.517 0.065 0.116 
NPL c) 75 0.5 4 0.236 0.158 0.169 
NPU a) 50 2.4 6.5 0.800 0.066 0.247 
NPU b) 62.5 1.9 5.5 0.700 0.115 0.197 
NPU c) 75 0.5 4 0.247 0.262 0.259 
MI a) 50 2.4 6.5 0.032 0.007 0.019 
MI b) 62.5 1.9 5.5 0.029 0.028 0.029 
MI c) 75 0.5 4 0.038 0.190 0.105 

 

When comparing the results from Table 39 to the results gained using the validation data set from 
Jan-E in Table 40, it is noticeable that the precision, sensitivity and F-measure score were almost 
the same in both cases. Regarding the evaluation with validation data sets from the other three 
vehicles the results were very poor and for all of these cases the F-measure score was below 0.3. 
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6.4.2 Using training data from Nalle Puh – Unloaded 

Table 41. Parameter variation using the training data set from Nalle Puh – Unloaded. 

Parameter Lower limit Higher limit Interval 
Overlap [%] 25 75 25 

Window size [s] 1.0 3.0 0.1 
Crest Factor [-] 3 6 0.25 

Table 42. Optimal parameter settings using the training data set from test vehicle Nalle Puh – Unloaded. 

Vehicle Criteria Overlap Window 
Size 

Crest 
Factor 

Pre. Sen. 𝐹𝛽 

NPU a) 62.5 2.1 4.75 0.763 0.390 0.641 
NPU b) 62.5 2.4 4.25 0.538 0.589 0.562 
NPU c) 62.5 2.1 3.75 0.359 0.844 0.664 

Table 43. Results of test case 1 and 2 for all vehicles using optimized parameters according to Nalle Puh – 
Unloaded. 

Vehicle Criteria Overlap Window 
Size 

Crest 
Factor 

Pre. Sen. 𝐹𝛽 

JE a) 62.5 2.1 4.75 0.437 0.613 0.464 
JE b) 62.5 2.4 4.25 0.324 0.664 0.436 
JE c) 62.5 2.1 3.75 0.226 0.757 0.515 

NPL a) 62.5 2.1 4.75 0.475 0.172 0.351 
NPL b) 62.5 2.4 4.25 0.319 0.340 0.329 
NPL c) 62.5 2.1 3.75 0.232 0.614 0.463 
NPU a) 62.5 2.1 4.75 0.367 0.295 0.350 
NPU b) 62.5 2.4 4.25 0.310 0.672 0.425 
NPU c) 62.5 2.1 3.75 0.193 0.787 0.487 
MI a) 62.5 2.1 4.75 0.035 0.169 0.041 
MI b) 62.5 2.4 4.25 0.027 0.317 0.050 
MI c) 62.5 2.1 3.75 0.024 0.549 0.103 

 

The F-measure value for Nalle Puh – Unloaded during the optimization of the algorithm was 
between 0.562 and 0.644 depending on which criteria that was used. But during the evaluation 
phase with validation data from Nalle Puh – Unloaded the F-measure score decreases to vary 
between 0.350 and 0.487 which is significantly lower. It is here noticeable that the algorithm, with 
the parameters optimized in regard to Nalle Puh – Unloaded, have a higher F-measure score, 
between 0.436 and 0.515, when evaluating on the validation data set from JE. For Nalle Puh – 
Loaded the F-measure score was between 0.351 and 0.463 which is similar to the results achieved 
with Nalle Puh – Unloaded. As in previous cases the F-measure score for Miguel was very low.  
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6.4.3 Using training data from Nalle Puh – Loaded 

Table 44. Parameter variation using the training data set from Nalle Puh – Loaded. 

Parameter Lower limit Higher limit Interval 
Overlap [%] 25 75 25 

Window size [s] 1.0 3.5 0.1 
Crest Factor [-] 3.0 6.0 0.25 

Table 45. Optimal parameter settings using the training data set from test vehicle Nalle Puh – Loaded. 

Vehicle Criteria Overlap Window 
Size 

Crest 
Factor 

Pre. Sen. 𝐹𝛽 

NPL a) 37.5 2.6 4.5 0.554 0.294 0.473 
NPL b) 37.5 2.8 4.0 0.355 0.524 0.423 
NPL c) 37.5 2.8 3.75 0.255 0.645 0.494 

Table 46. Results of test case 1 and 2 for all vehicles using optimized parameters according to Nalle Puh – 
Loaded. 

Vehicle Criteria Overlap Window 
Size 

Crest 
Factor 

Pre. Sen. 𝐹𝛽 

JE a) 37.5 2.6 4.5 0.394 0.599 0.423 
JE b) 37.5 2.8 4.0 0.266 0.599 0.369 
JE c) 37.5 2.8 3.75 0.221 0.551 0.424 

NPL a) 37.5 2.6 4.5 0.475 0.251 0.403 
NPL b) 37.5 2.8 4.0 0.283 0.428 0.341 
NPL c) 37.5 2.8 3.75 0.221 0.544 0.421 
NPU a) 37.5 2.6 4.5 0.425 0.475 0.434 
NPU b) 37.5 2.8 4.0 0.246 0.689 0.362 
NPU c) 37.5 2.8 3.75 0.186 0.738 0.463 
MI a) 37.5 2.6 4.5 0.031 0.225 0.038 
MI b) 37.5 2.8 4.0 0.024 0.352 0.044 
MI c) 37.5 2.8 3.75 0.021 0.394 0.087 

 

Even during the optimization of the algorithm, using training data from Nalle Puh – Loaded, the F-
measure values were as low as between 0.423 and 0.494. These values decreased when 
evaluating the algorithm with the validation data set from Nalle Puh – Loaded. Worth noticing is 
that the algorithm performed better on the validation data set from both JE and NPU compared 
to Nalle Puh – Loaded.  

As previously concluded in 6.1.3, 6.2.3 and 6.3.3 the precision for this algorithm as well was 
higher for Nalle Puh – Loaded compared to Nalle Puh – Unloaded and Jan-E while the sensitivity 
on the other hand was lower. The results when evaluating the algorithm with the validation data 
set from Miguel were in this case poor as well.  
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6.4.4 Using training data from Miguel 

Table 47. Parameter variation using the training data set from Miguel. 

Parameter Lower limit Higher limit Interval 
Overlap [%] 25 75 12,5 

Window size [s] 1 15 1 
Crest Factor [-] 3 10 1 

Table 48. Optimal parameter settings using the training data set from test vehicle Miguel. 

Vehicle Criteria Overlap Window 
Size 

Crest 
Factor 

Pre. Sen. 𝐹𝛽 

MI a) 62.5 11 7 0.200 0.037 0.106 
MI b) 62.5 9 6 0.087 0.074 0.080 
MI c) 50 2 4 0.043 0.361 0.146 

Table 49. Results of test case 1 and 2 using optimized parameters according to Miguel. 

Vehicle Criteria Overlap Window 
Size 

Crest 
Factor 

Pre. Sen. 𝐹𝛽 

JE a) 62.5 11 7 0.308 0.072 0.186 
JE b) 62.5 9 6 0.217 0.065 0.100 
JE c) 50 2 4 0.204 0.349 0.305 

NPL a) 62.5 11 7 0.167 0.039 0.101 
NPL b) 62.5 9 6 0.137 0.049 0.073 
NPL c) 50 2 4 0.235 0.473 0.393 
NPU a) 62.5 11 7 0.105 0.036 0.076 
NPU b) 62.5 9 6 0.194 0.125 0.152 
NPU c) 50 2 4 0.172 0.518 0.370 
MI a) 62.5 11 7 0.038 0.035 0.037 
MI b) 62.5 9 6 0.022 0.049 0.031 
MI c) 50 2 4 0.027 0.409 0.108 

 

The performance results of Algorithm – CF, when it was optimized using the training data from 
Miguel, were insufficient regardless what data set was used for the evaluation. During the 
optimization of the algorithm the highest achieved F-measure score was 0.146 for criteria c, see 
Table 48. This value decreased to 0.108 when the algorithm was evaluated using the validation 
data set for Miguel, which is shown in Table 49. 

The highest F-measure score that was reached using the training set from Miguel was 0.393 with 
the validation data set from Nalle Puh – Loaded. But even that score was very low and not at all 
satisfying.  
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7 DISCUSSION & CONSLUSIONS 

7.1 Analysis 
In this section the results; given as precision, sensitivity and F-measure; from all the algorithms 
tested will be discussed and as well how the different vehicles, and their characteristics, affect the 
parameterization of the algorithms. 

The performance results, presented as F-measure, from all the algorithms when they were 
evaluated according to test case 1, are presented in Table 50. The optimal parameters that were 
used in this case were the one where the precision and sensitivity are weighted equally, 
optimization with respect to criteria b). 

Table 50. Summary of results using the validation data sets (F-measure). 

Algorithm 
Vehicle Algorithm mean 

(JE, NPU, NPL) JE NPU NPL MI 
Threshold (T) 0.666 0.636 0.664 0.077 0.655 
Speed dependent threshold (STD) 0.686 0.637 0.589 0.141 0.637 
RMS 0.653 0,630 0.535 0.069 0.606 
Crest factor (CF) 0.549 0.425 0.341 0.031 0.438 
Vehicle mean 0.639 0.582 0.532 0.080 

  

The mean values presented in Table 50, are mean values of the results from each one of the 
algorithms without considering the results from the test vehicle Miguel. The reason those results 
were not included in the mean calculations were because the noted anomalies were registered 
differently with the test vehicle Miguel. To have an proper evaluation of how accurate the 
developed algorithms were at detecting road anomalies, the results regarding the test vehicle 
Miguel were hence neglected in the mean calculations. 

Comparing the results from Table 50 to the F-measure values gained during the optimization 
using the training data, presented in Table 51, it can be noticed that the F-measure values are 
significantly lower for all algorithms when they are evaluated with the validation data set 
compared to being evaluated with the training data set. The only test vehicle that gave 
approximately the same F-measure values for both cases was the test vehicle Jan-E. For all other 
vehicles, the performance results decreased using the validation data set. A potential reason for 
this is that the data in the validation data sets did include some specific type data that was not 
part of the training data sets. 

7.1.1 Test case 1 – Anomaly detection with four algorithms 
According to the mean F-measure values for the algorithms in Table 50, the algorithm that 
performed with the best performance results was Algorithm – T. The mean F-measure value for 
Algorithm – T was 0.655, just ahead of Algorithm – SDT which had a F-measure value of 0.636. The 
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least successful algorithm was Algorithm – CF which only had a mean F-measure value of 0.438 
and Algorithm – RMS had a mean of 0.606.  

Table 51. Summary of the results using the training data sets (F-measure). 

Algorithm 
Vehicle Algorithm mean 

(JE, NPU, NPL) JE NPU NPL MI 
Threshold (T) 0.680 0.811 0.748 0.047 0.746 
Speed dependent threshold (STD) 0.674 0.828 0.739 0.029 0.749 
RMS 0.675 0.808 0.634 0.076 0.706 
Crest factor (CF) 0.545 0.562 0.423 0.080 0.510 
Vehicle mean 0.644 0.752 0.638 0.058 

  

Logically Algorithm – SDT should have better performance results than Algorithm – T, but since 
the latter algorithm include a speed filter which neglected all road anomalies under 15 km/h they 
did not have the same conditions. If this type of filter would have been a part of Algorithm – SDT 
as well, the algorithm would have had at least the same F-measure score as Algorithm – T, most 
likely even better. 

If the performance results for Algorithm – T and Algorithm – SDT are sufficient or not is up for 
discussion. In comparison the best algorithm in [8], Z-DIFF, had a value of 92% for the sensitivity 
and 77% for the precision which results in a F-measure score of 0.84 for Z-DIFF. This value is 
considerably higher than the results achieved in this Master Thesis. 

7.1.2 Vehicle weight 
By studying the results from Nalle Puh – Loaded and Nalle Puh – Unloaded knowledge could be 
gained on how the vehicle weight affected the parameterization of the algorithms. By comparing 
the results from these two vehicles under the following evaluation framework setup: 

𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛 �𝐸𝐹(𝑇𝑁𝑃𝑈,𝑉𝑁𝑃𝑈,𝐴),𝐸𝐹�𝑇𝑁𝑃𝑈,𝑉𝑁𝑃𝐿,𝐴𝑇,𝑆𝐷𝑇,𝑅𝑀𝑆,𝐶𝐹�� 

and 

𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛 �𝐸𝐹(𝑇𝑁𝑃𝐿 ,𝑉𝑁𝑃𝑈,𝐴),𝐸𝐹�𝑇𝑁𝑃𝐿,𝑉𝑁𝑃𝐿,𝐴𝑇,𝑆𝐷𝑇,𝑅𝑀𝑆,𝐶𝐹�� 

It can be seen how the precision, sensitivity and F-measure are affected for all the tested 
algorithms. Table 52 presents the mean calculations of the precision, sensitivity and F-measure for 
all four test algorithms.  

Table 52. Mean calculations of the precision, sensitivity and F-measure for the study on vehicle weight. 

Training data Validation data Mean-Pre. Mean-Sen. Mean-𝐹1 
NPL NPU 0.419 0.757 0.534 
NPL NPL 0.580 0.582 0.585 
NPU NPU 0.512 0.672 0.577 
NPU NPL 0.666 0.462 0.539 
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As the results in Table 52 show, the precision from the algorithms is consistently lower for when 
the validation data set of Nalle Puh – Unloaded is used in the evaluation framework, than for 
when the validation data set from Nalle Puh – Loaded is used. This means that a higher number of 
the test outcomes come out as false positive values for the lighter vehicle. On the other hand, the 
sensitivity is consistently higher for Nalle Puh – Unloaded, which means that a higher number of 
the actual anomalies are detected. As it seems from these results, a vehicle with lower vehicle 
weight requires a higher threshold value compared to a vehicle with a higher vehicle weight. This 
is confirmed by studying Figure 18 as it shows a comparison of when Nalle Puh – Loaded and Nalle 
Puh –Unloaded pass over the same pothole at 40 km/h. It can clearly be noticed in Figure 18 that 
the acceleration levels for Nalle Puh - -Unloaded are significantly higher when passing over the 
pothole than for Nalle Puh – Loaded. This explains why the sensitivity for Nalle Puh – Unloaded is 
higher compared to Nalle Puh – Loaded, and vice versa for the precision. 

 

Figure 18. A comparison between NPU and NPL when passing over the same pothole. 

Regarding the F-measure score, see Table 52, it is lower when the training data and validation 
data sets are from different vehicles. Since the parameters were optimized for a different vehicle 
than it was validated against, this result is according to expectations. When comparing two 
vehicles like this it cannot be expected that the F-measure value is higher than for when the 
validation is performed against the same vehicle as the parameters were optimized for, see test 
case 1. 

7.1.3 Wheel axle configuration 
A study was also performed on how two different wheel axle configurations affect the 
parameterization. The two vehicles that were compared were Jan-E and Nalle Puh – Unloaded 
were Jan-E is a two axle tractor and Nalle Puh is a four axle gravel truck as previously mentioned. 
The reason for why specifically these vehicles were used in this study, and not Nalle Puh – Loaded, 
is because these vehicles were the one closest regarding the vehicle weight. By choosing these 
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vehicles the vehicle weight factor could be minimized. The evaluation approach was the same as 
the approach used for the study of vehicle weight. By comparing the results from Jan-E and Nalle 
Puh – Unloaded using the evaluation framework setup: 

𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛 �𝐸𝐹(𝑇𝑁𝑃𝑈,𝑉𝑁𝑃𝑈,𝐴),𝐸𝐹�𝑇𝑁𝑃𝑈,𝑉𝐽𝐸 ,𝐴𝑇,𝑆𝐷𝑇,𝑅𝑀𝑆,𝐶𝐹�� 

and 

𝐶𝑜𝑚𝑝𝑎𝑟𝑖𝑠𝑜𝑛 �𝐸𝐹�𝑇𝐽𝐸 ,𝑉𝑁𝑃𝑈,𝐴�,𝐸𝐹�𝑇𝐽𝐸 ,𝑉𝐽𝐸 ,𝐴𝑇,𝑆𝐷𝑇,𝑅𝑀𝑆,𝐶𝐹�� 

knowledge could be gained on how the different wheel axle configurations affect the 
parameterization. The results from this comparison are presented in Table 53 and they are given 
in the same manner as for the comparison of vehicle weight. 

Table 53. Mean calculations of the precision, sensitivity and F-measure for the study on wheel axle 
configuration. 

Training data Validation data Mean-Pre. Mean-Sen Mean-𝐹1 
JE NPU 0.735 0.283 0.399 
JE JE 0.584 0.715 0.637 

NPU NPU 0.487 0.740 0.582 
NPU JE 0.266 0.912 0.407 

 

 

Figure 19. A comparison between JE and NPU when passing over the same pothole. 

As Table 53 shows, the precision of the algorithms becomes higher when validating against the 
validation data set from the test vehicle Nalle Puh – Unloaded, than when validating against the 
validation data set from Jan-E. But for the sensitivity of the algorithm the relationship between 
the vehicles is vice versa. The validation data set of Jan-E is resulting in a higher sensitivity than 
the validation data set of Nalle Puh – Unloaded. A reason for this is presented in Figure 19 which 
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shows a comparison of when Jan-E and Nalle Puh – Unloaded pass over the same pothole at 40 
km/h. The peak value for the acceleration is about 10 times higher for when Jan-E passes over the 
pothole compared to when Nalle Puh – Unloaded passes over it. With this in mind it is 
understandable why the precision is as low as 0.266 for the test case 

 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛𝐹𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘�𝑇 𝑁𝑃𝑈,𝑉𝐽𝐸 ,𝐴𝑇,𝑆𝐷𝑇,𝑅𝑀𝑆,𝐶𝐹�  
 

and why the sensitivity is as low as 0.283 for the test case 

 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛𝐹𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘�𝑇 𝐽𝐸 ,𝑉𝑁𝑃𝑈,𝐴𝑇,𝑆𝐷𝑇,𝑅𝑀𝑆,𝐶𝐹�.  
 

7.1.4 Wear on the leaf spring 
As previously mentioned the noted anomalies for the test vehicle Miguel were determined by 
high elongation values on the front right leaf spring. This gave an opportunity to study the 
correlation between the wear on the leaf spring and the acceleration levels at the chassis. As 
Table 50 and Table 51 show, the performance results for all the tested algorithms were though 
very poor. A possible reason for the poor results could be that the vehicle weight for Miguel 
changed significantly during the field tests. This can be assumed to be true since the vehicle was 
used for transportation of soya beans. As the study on vehicle weight showed in Section 7.1.2, the 
vehicle weight had a big effect on the performance results and the parameterization of the 
algorithms. 

It should here be taken into account that the tested algorithms were not developed for 
maximizing the correlation between the acceleration and elongation signals but rather for 
optimizing the road anomaly detection. 

7.2 Problems encountered 
However there are some problems and special cases that occur, of which some of them are listed 
here below. 

Differentiating anomalies from each other: Nearly all road anomalies that are run over, result in 
some kind of deviations in the acceleration levels measured. The problem here lays in trying to 
differentiate these anomalies from each other. Some anomalies are in no need of being fixed, like 
for example speed bumps and curbstones, while other anomalies, like potholes and deep buried 
manholes, are anomalies that could need repair or maintenance. 

The human factor, what is an anomaly and what is not: As previously mentioned the anomalies 
for the test vehicle Jan-E and Nalle Puh were noted with key strokes during the field tests. It was 
here up to a human person to decide what was an anomaly and what was not an anomaly. This 
may not be as simple as it sounds since the size of a pothole can differ a lot. Due to the fact that 
the test vehicles have quite wide tires, some of the potholes may not result in divergent 
acceleration levels but may be noted as an anomaly by the person registering anomalies. This 
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type of action may result in a false negative indication from the algorithm. It is also important to 
be consistent when determining anomalies. 

Different acceleration levels depending on if the pothole is passed on the left or right side: 
During the field tests it was noticed that there were significant differences in acceleration levels 
depending on if the vehicle passed an anomaly with the left side of the vehicle or the right. These 
differences where in particular noticed during the field tests with the test vehicle Jan-E, were the 
differences were bigger than with the test vehicle Nalle Puh. Figure 20 demonstrates the 
difference in the acceleration levels when the test vehicle Jan-E passed the same pothole with 
both sides at two different speeds. 

The top graph in Figure 20, demonstrates when the pothole was passed with the left side of the 
test vehicle Jan-E, and the bottom graph demonstrates when it was passed with the right side. In 
both graphs, the red marked sections are when the vehicle passed the specific pothole at ≈20 
km/h. The green marked sections in the graph are when the vehicle hade the speed ≈40 km/h 
over the pothole. 

As seen in Figure 20, the peak values of the acceleration are significantly higher when the pothole 
is passed with the right side of the test vehicle Jan-E. One can as well notice that passing the 
pothole at ≈20 km/h with the right hand side, results in higher peak values than when passing the 
pothole at ≈40 km/h with the left hand side. To be able to distinguish a pothole passed with the 
left or right side of the vehicle it is hence not enough to only study the acceleration levels in z-
direction. In the paper The Pothole Patrol [2] they are using the ratio between the accelerations 
in x and z direction for separating potholes from anomalies that affect both side of the vehicle. A 
filter like that may in this case work for distinguishing a pothole on the left or right side. 

 

Figure 20. Comparison between when passing a specific pothole with the left and right side of the vehicle. 
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7.3 Conclusions 
As stated in Section 1.4 the aim of this Master Thesis was to construct an evaluation framework 
for automatic road anomaly detection but also to study different algorithms. With the framework 
in place, four different algorithms were developed and evaluated using the same data sets. 
Algorithm – T was the algorithm that had the best performance results in consideration of the F-
measure (0.655) and Algorithm – SDT was just behind (0.637).  

The conclusion that could be drawn from the study of how the vehicle weight affected the 
performance of the algorithms is that a lighter vehicle resulted in a higher number of positive test 
outcomes than a heavier vehicle using the same parameterization of the algorithms. This means 
that the precision of the algorithms decreased while the sensitivity of the algorithm increased. 
This conclusion is in line with the theory of vehicles dynamics for a vehicle, a higher sprung mass 
of the vehicle leads to that the vehicle is less affected by anomalies and road roughness, which is 
also confirmed in Figure 18. So if an anomaly detection system would have been installed on a 
vehicle, the system would have to consider the weight of the vehicle as factor since it affects the 
threshold value for detection of anomalies. 

The study on how different wheel axle configurations affected the parameterization of the 
algorithms showed that the test vehicle Nalle-Puh – Unloaded was more sensitive to road 
anomalies than the test vehicle Jan-E. Using the same parameter in the algorithms for both test 
vehicles showed that the precision increased when the validation data set from Nalle Puh – 
Unloaded was used compared to the validation data set from Jan-E. Regarding the sensitivity the 
conclusions were vice versa. The conclusions in this study can though not be reflected only on the 
wheel axle configuration since there most likely are other differences between these two test 
vehicles that could affect the test outcome. Even though that the total vehicle weight for these 
vehicle were approximately the same the weight on each wheel axle differed significantly since 
the weight was distributed over two wheel axles on Jan-E and over four wheel axles on Nalle Puh.  

Regarding the study of the correlation between the acceleration levels and the elongation on 
front right leaf spring, the performance results from the developed algorithms was far away from 
sufficient. One reason for this is that in the data that was used there was no information about 
the vehicles weight. And since it was used for transportation of soya beans it can be assumed that 
the vehicle weight varied during the field tests and as the study on vehicle weight showed in 
Section 7.1.2, the performance of the algorithms is dependent on the vehicle weight. 

7.4  Future work 
This Master Thesis could possibly be continued in many different directions. One direction is to 
further study different algorithms, or further develop the ones already presented here, for the 
detection of road anomalies. With an evaluation framework already set up it should be easy 
adding new algorithms that can analyze the acceleration signals from the chassis. With the 
knowledge that there were significant differences in the acceleration levels depending on if the 
vehicle was passed with left or right side of the vehicle, an algorithm that can separate these two 
events would be desirable. In The Pothole Patrol [2] they used a filter that calculated the ratio 
between the peak x-acceleration and the peak z-acceleration, in a certain time window, to detect 
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if the anomaly affected both sides of the vehicle or just one side of it. This kind of approach in an 
algorithm could possibly be used for the detection of which side of the vehicle that was exposed 
for the anomaly. 

Since the results from the study of the correlation between the accelerations levels and the 
elongation on the front right leaf spring were very poor in this Master Thesis it is something that 
needs to be studied further if better knowledge is wanted on the subject. It could also be 
interesting to analyze how different road anomalies affect the wear on a vehicle. This could be 
executed by installing different strain and elongation gauges on the test vehicles Jan-E and Nalle 
Puh. By doing so strain and elongation data could be analyzed when different road anomalies are 
passed and knowledge could be gained on how different road anomalies affect the wear on the 
vehicle. 

If the work of this Master Thesis is continued the data splitting of the field test data, into training 
and validation data sets, should be further investigated. One potential method for the data 
splitting could be to use the cross validation method [23]. The cross validation method is very 
similar to the used holdout sampling method but it removes the need of a disjoint training and 
validation data set [12, 14].   
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APPENDIX A FIELD TEST IN BRAZIL WITH THE 
TEST VEHICLE MIGUEL 

Appendix A.1 Route and pictures of the used roads in Brazil 

 

Figure 21.The route of the soya bean transportations in Brazil [22]. 
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Figure 22. Detailed map of the route [22]. 
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Figure 23. [22] 

 

Figure 24. [22] 
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