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Abstract 

 

Tightening describes the process of rotating a screw with the purpose of binding two surfaces 

together. It is widely applied in the assembly process of structures, where bolted joints are used to 

connect the different parts with each other, e.g. robot arms, vehicles, aircrafts. A certain torque is 

applied with a tool in order to develop the desired clamping force that keeps the surfaces together. 

A challenge during this process is the fact that friction variations occur unexpectedly, thus 

increasing the risk of not achieving the necessary clamping force to ensure successful tightening. 

In this thesis, a diagnosis method is implemented in order to detect friction variations during highly 

dynamic tightening. Different detection algorithms are investigated (e.g. CUSUM, Particle Filter, 

Linear regression), and an approach that makes use of the torque and angle signals while estimating 

the clamping force is implemented. Investigations of signal noise and filtering operations during 

data extraction are conducted, and the signal channels are evaluated with regards to accuracy and 

noise bias. An approach using a sliding window is used to estimate the torque rate, and the CUSUM 

detection algorithm is implemented to indicate variations and provide a diagnostic report. The 

analysis is performed using a highly dynamic tightening strategy programmed in an electrical 

tightening tool, allowing for the process to be conducted in milliseconds. Investigations of the 

tuning parameters of the detection algorithm are also conducted, and value thresholds are 

identified. Finally, a statistical analysis of the system’s behaviour, as well as the influence of the 

operator holding the tool, is performed for evaluation. 
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Sammanfattning 

 

Åtdragning beskriver processen att rotera en skruv i syfte att binda två ytor ihop. Det tillämpas 

allmänt i monteringsprocessen av strukturer, där skruvförband används för att ansluta de olika 

delarna med varandra, t.ex. robotarmar, fordon, flygplan. Ett visst vridmoment appliceras med ett 

verktyg för att utveckla önskad klämkraft som håller ytorna ihop. En utmaning under denna 

process är att friktionsvariationer uppträder oväntat, vilket ökar risken för att inte uppnå den 

nödvändiga klämkraften för att säkerställa en framgångsrik åtdragning. I denna avhandling 

implementeras en diagnosmetod för att detektera friktionsvariationer vid hög dynamisk 

åtdragning. Olika detekteringsalgoritmer undersöks (t.ex. CUSUM, Partikelfilter, Linjär 

regression), och ett tillvägagångssätt som utnyttjar vridmoment- och vinkelsignalerna vid 

uppskattning av klämkraften implementeras. Undersökningar av signalbrus samt 

filtreringsoperationer under datautvinningen utförs, och signalerna utvärderas. Ett variabelt fönster 

används för att uppskatta vridmomentet, som används i detekteringsalgoritmen för att indikera 

variationer och utföra en diagnostisk rapport. Analysen utförs med en starkt dynamisk 

åtdragningsstrategi, programmerad i ett elektriskt åtdragningsverktyg, vilket gör att processen kan 

utföras på millisekunder. Undersökningar av parametrarna för detekteringsalgoritmen genomförs 

också, och värdetrösklarna identifieras. Slutligen utförs en statistisk analys av systemets beteende, 

liksom påverkan av operatören som håller verktyget, för utvärdering. 

 

 

 



iii 
 

 

 

 

Foreword 

 

I would like to express my gratitude to the R&D Tightening Technique team at Atlas Copco 

Industrial Technique AB, for welcoming me into their group and providing a pleasant working 

environment throughout the thesis project. 

In particular, I would like to thank my supervisors at Atlas Copco, Maria Södergren and Jakob 

Lindström, for all their guidance and support throughout the project. All our fruitful discussions 

were an important source of inspiration that contributed in making this thesis a reality. Special 

thanks also go to Mayank Kumar, for his valuable input and sharing of knowledge about tightening 

and bolted joints. 

Finally, I would further like to express my acknowledgement to my supervisor at KTH, Prof. Bo 

Wahlberg, for his assistance and cooperation throughout the project. 

 

 

 

 



iv 
 

 

 

 

Nomenclature 

 

Notations 

Symbol Description 

𝛼 Tightening angle [deg] 

𝛽 Half-angle of the thread [deg]  

𝜇𝑡 , 𝜇𝑏 , 𝜇𝑡𝑜𝑡 Friction coefficients [-] 

𝜇 Mean value of signal 

𝜎 Standard deviation of signal 

𝜔 Angular speed of motor [rpm] 

𝜅( . ) Kernel function 

𝜃 Empirical characteristic function 

𝜑( . ) Boolean operator for hypothesis testing 

 

Abbreviations 

HDT Highly Dynamic Tightening 

CST Constant Speed Tightening 

CSDT Constant Speed with Delay Tightening 

DAQ Data Acquisition Unit 

PF6 Power Focus 6000 control unit 

FDI Fault Detection Isolation 

CUSUM Cumulative Sum 

PF Particle Filter 
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EKF Extended Kalman Filter 

SMC Sequential Monte Carlo 

MMSE Minimum Mean Square Error 

MAP Maximum a Posteriori Probabilities 

AC Alternative Current 

HMM Hidden Markov Model 
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Chapter 1 
 

Introduction 

 

Take a quick look around the world. You come to realize that most structures are based on the 

binding attribute that keeps their components together. From living organisms, through the 

chemical bonds between the different molecules, to manufactured equipment, through the joints 

that connect the different parts together. This binding process in joints is most commonly 

achieved using screws that clamp the joint members together through a threaded hole in either 

of the components.  

The tightening of these joints is therefore fundamental in this process. A single failure during 

tightening, and the structure can partially, or completely, fall apart. For this reason, it becomes 

necessary to have good insight on the behaviour of the different parameters involved in 

tightening, in order to be able to achieve a high level of control of the process. 

One of these parameters involved in tightening is friction. This phenomena occurs on different 

parts of the materials involved in tightening, such as the surface of the bolt, or the contact area 

between different surfaces. Since recent observations have concluded that friction behaves 

nonlinearly during tightening [3]  , contrary to the conventional tightening models, there is an 

increasing need of identifying when such nonlinearity occurs.  

Therefore, this thesis is an investigation of different change point detection algorithms typically 

used to identify variations from defined statements. A direct application of such a detection 

method on the friction parameter is investigated with regards to different modelling approaches, 

both from a mechanical perspective, as well as from an algorithmically numerical perspective.  

The thesis statement is defined as follows:  

“It is possible to estimate variations in the torque-force relationship during a highly dynamic 

tightening process that could be accounted to friction parameter variations”.  

Investigation regarding the acceptance or rejection of this statement is therefore the main goal 

of this thesis. Here, friction is defined as a generalized parameter acting on any object involved 

in tightening, and concerns variations occurring not only due to contact between the materials, 

but also due to temperature, vibrations, material quality and defects, lubrication, etc. 
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1.1 Tightening technique  

 

The process of tightening involves the turning of the bolt using a tightening tool, such as a hand-

held screw driver or an electrical power tool. The purpose of the process is to achieve a desirable 

stress on the clamping surfaces, in order to ensure that they stay connected. If the tightening is 

not performed well, the bolt might loosen up, which could lead to some parts of the mechanism 

falling apart. 

Tightening technique is used pretty much in all industrial mechanisms. From small scale 

mechanisms, such as little robots with rotating arms, to big scale structures, such as aircrafts 

and satellites. What all these mechanisms have in common is the fact that some form of binding 

process is used to connect their different parts together. In most cases, bolted joints are used, 

and the tightening process is used to ensure that they stay there and function properly. Even in 

automated assembly production lines, such as a vehicle manufacturing factory, the robots used 

to assemble the structures also needed to be assembled in order to function properly. 

 

   

Figure 1.1: (left) A robot joint, (middle) Car assembly process, (right) Aircraft assembly. 

Robots with mounted tools are used to tighten the parts together with bolts. 

 

The process of tightening is actually a lot more complicated than it may sound at first. The 

screw is exposed to different parameters, such as the tensile load, shear load and torsion. When 

an external force is applied, the members of the joint slide in relation to each other, or 

perpendicular to the clamp force. The decisive factor for a joint to withhold an external load is 

eventually not only the dimensions of the screw, but the clamping force. It also decides whether 

the joint will remain tight enough to prevent loosening, in case it is exposed to pulse loads. A 

lot of these parameters tend to have a nonlinear or sometimes unpredictable behaviour, with 

linearity occurring only within certain intervals of the tightening process. 

In order for someone to know that a screw joint has been properly tightened, torque 

measurements are required. There are many methods of controlling the tightening torque, such 

as by using a torque wrench equipped with a clutch that can be pre-adjusted to a specific torque 

value (also known as a click wrench), and manually checking by hand after the tightening 

process whether the desired torque has been achieved. The wrench clicks when the desired 

torque is achieved, and even performs a torque-up in case the torque is less than the desired 
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torque. The disadvantage of this static measuring method is that the wrench does not detect any 

over-tightening. 

 

 

 

Figure 1.2: (upper) A click wrench for manual torque check, (lower) An electrical nutrunner 

for more sophisticated tightening. Both tools designed by Atlas Copco [17]  . 

 

More sophisticated methods of torque measurement include the use of electronic tightening 

tools with build-in torque transducers. This allows for constant on-line quality checking, and is 

desirable in assembly production lines, where the tightening process requires 100% monitoring. 

At the same time, angle encoders can also be incorporated in the tool design, in order to register 

the joint characteristics during the tightening process, or for achieving more advanced control 

of the tightening process. 

 

1.2 Friction influence in tightening  

 

When tightening torque is applied, there can be as many as 200 or more factors that can affect 

the tension in a bolt. Among those, one of the most important and fundamental ones is the 

friction parameter. Good understanding of the role of friction in both the contact zones of the 

thread and the underhead is the key to defining the relationship between tension, torque and 

angle. 

There is a direct relation between the clamping force and the tightening torque within the elastic 

range of the screw elongation. However, test results in Atlas Copco [3]   have shown that only 

10% of the applied torque is transferred into clamping force. The rest of it is absorbed in the 

form of friction in the screw underhead and in the thread. Around 40% of the torque is 

consumed in order to overcome the friction in the head, and 50% is consumed for the friction 

in the screw head.  
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Figure 1.3: A chart of the distribution of the applied torque during the tightening process. As 

observed, only 10 % of the applied torque is responsible for the developing the necessary 

clamping force to keep the surfaces together. The rest is absorbed by friction. 

 

Lubrication helps to decrease the effect of friction, but on only to a certain degree. Since friction 

does not only vary because of speed, but also due to other factors, such as during a pulse 

tightening process, it is not easy to estimate. Furthermore, a lot of industrial companies have 

increased demands regarding controlled pulse tightening. More insight regarding the behaviour 

of friction is therefore necessary, in order to come up with counter measures and improve the 

effectiveness of the tightening instruments. 

 

1.3 Contributions  

 

The aim of this master thesis project, as mentioned earlier, is to investigate the friction 

variations that occur in bolted joints during the tightening process. The main focus is to 

investigate the phenomena that occurs when the torque-force relation starts behaving 

nonlinearly, which results in an increased degree of uncertainty in the performance data. The 

project will be conducted in the global industrial company Atlas Copco Industrial Technique, 

headquartered in Stockholm Nacka, where measurements with industrial tightening tools 

provided by the company can be performed. 

The Tightening Technique group in Atlas Copco has been actively conducting research in 

friction variations of bolted joints during the past years. Measurement data has been collected 

and is accessible for further processing concerning different tightening strategies programmed 

on the tool (e.g. CST, HDT), using a selection of bolt types with various coating (e.g. zinc flake, 

nickel), as well as lubricants applied on the bolts. Analysing the available data for different 
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tightening scenarios could greatly save a lot of time during the project, before conducting new 

measurements on similar scenarios. These same data can also be used for comparison with new 

data throughout the project. 

Further tests and measurements have previously been conducted by Sayed Nassar [2], where 

analysis of friction variations on the thread and bearing parts was performed, using variable 

tightening speed and unlubricated zinc coated M12 bolt joints. The friction coefficients were 

estimated for the cases of 10 rpm and 150 rpm. 

In another past research, E. Dragoni [1]   used means of the finite element method in order to 

determine how much the stress state in standard metric nut-bolt connections is affected by 

variations of the thread pitch of the frictional coefficient. The numerical data of the research 

showed that the stress level had approximately linear relationship with the friction coefficient, 

especially at the lowest pitches. 

The primary outcome of this thesis, is therefore to get a better understand of the behaviour of 

friction in bolted joints, and implement a diagnosis method to be able to detect the behaviour 

of friction by aggregation of the data statistics. An investigation of the friction dynamics, as 

well as of the decisive factors that mostly contribute to a nonlinear friction variation is also 

performed. Moreover, analysis of the effects of different filtering methods applied to the 

measured signals, as well as the influence of signal noise in the channels, is also conducted in 

this paper, in order to evaluate their influence with respect to the estimation method. The effects 

of filtering operations especially concern channel delay, noise level, as well as correlation 

between the filtered and unfiltered signals.  

In the end, a fault diagnosis model of the system is implemented, using an observer for the 

torque-angle relationship to estimate the torque rate, and from there the friction variations 

according to the detection algorithm. The point at which a variation occurs is also displayed. 

The estimator is evaluated using measurements of the clamp force using a force transducer set 

up on a Test-Bed. This method can be an indicator of whether the torque rate estimator is a 

good observer of the torque-force variation, and therefore of the friction. The performance of 

the detection algorithm is finally tested by performing tightening tests with certain tools and 

test rigs. A Bayesian method implementing the Monte Carlo simulation is applied on different 

signals to evaluate the performance of the algorithm under the influence of scattered parameters. 

One of the parameters undergoing this analysis is the model of the operator that uses the tool, 

and the influence of different velocity and angle distributions on the detection method is 

investigated. 
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1.4 Delimitations 

 

Due to the limited time available for conducting this thesis project, it is not possible to examine 

all possible tightening strategies with different bolted joint types. For this reason, the 

measurements have been be conducted mainly on threads with M8 screws according to the 

European Metric standard ISO 898/1. Depending on their bolt grade, these screws can reach up 

to 40 Nm torque [10]  . The specifications of the M8 screws, as well as further details about 

screw types in general can be found on Appendix A. 

In addition, different tightening programs on the instruments yield different performance 

results, depending on the reference speed supplied to the motor. For this reason, the tightening 

strategy set in the instruments is chosen to be HDT, a rather innovative strategy developed by 

Atlas Copco which dynamically reads joint stiffness during the tightening cycle. By calculating 

the energy needed to reach the target torque, dynamic regulation of the tightening speed makes 

it possible to ensure reliable accuracy by stopping the motor in time.  

Further tests during the evaluation phase of the algorithm also make use of a CST strategy, 

which can be oversimplified as a tightening strategy with a constant speed supplied to the motor 

during the rundown phase of the tightening. This allows for investigation of friction variations 

using different velocities, and how well the detection method performs under these conditions. 

The experimental setup can make use of different tightening tools, such as the handheld pistol 

or the longer in length wrench type nutrunner. The tests have been performed mainly using an 

ETV STR61-30-10 type electric nutrunner, which allows for extraction of the torque, speed, 

and angle signals, among others, using the integrated transducers in the tool. These signals are 

used as inputs to the detection algorithm in order to estimate the friction variations, and their 

effect using different filtering methods are investigated. 

 

 

Figure 1.4: An ETV STR61-30-10 electrical nutrunner designed by Atlas Copco [17]  , with 

integrated transducers for signal measurement, and a motor for adjusting the tightening speed. 
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1.5 Outline 

 

The structure of the report is presented in this section.  

Chapter 2 begins with an introduction to the fundamental principles involved in a tightening 

process. Physical phenomena, their relationship, as well as the tightening profile are described 

here. Moreover, the measurement standards, material, and tools used in tightening are also 

briefly described, in order for the reader to become accustomed to the terminology and 

phenomena behind the process.  

Chapter 3 introduces the basic theory and methods involved in a fault detection system. 

Conventional algorithms and fault models are described here.  

Chapter 4 continues with monitoring methods for performance evaluation during a tightening 

process. It further describes the basic friction models that have been proposed throughout the 

years, and how friction variations can be connected to the monitoring process.  

Chapter 5 describes the experimental procedure for data measurements that the implementation 

method is based on. It describes how data is measured and extracted, how the test rig is set up, 

as well as the noise signal and filtering operations involved in the measurement extraction 

channels.  

In Chapter 6, the implemented fault detection method is analysed. A model of the system is 

defined, an estimator for the concerned parameters is described in detail, and the detection 

algorithm is presented. Furthermore, an investigation regarding the tuning of the detection 

model is performed, and a decision rule for variation indications is established. Finally, a model 

regarding the influence an operator performing the tightening process is presented.  

Chapter 7 continues with an analysis of the detector’s performance with different tuning 

parameters, and sensitivity investigations. The clamping force signal from the force transducer 

is used in order to evaluate the implemented model, with regards to actual variations occurring 

in the process the model is based on. Significance tests are also performed with regards to the 

operator model, and how much it influences the performance of the system.  

Chapter 8 presents the conclusions of the investigation, a discussion section, as well as 

suggestions for future work on the subject.  

Finally, the Appendix sections present some additional information regarding the material 

terminology, statistical tables of different tests, and a calibration report for the measurement 

components. The report finishes with a list of references for the different sources of knowledge 

used throughout the report. 
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Chapter 2 
 

Fundamentals of the tightening process 

 

Threaded bolt assemblies involve a bearing surface that is clamped together with another 

surface, by using a tightened bolt to hold both surfaces together. The main purpose of tightening 

the bolt is to produce a satisfactory clamp force that is able to hold both surfaces together, by 

applying a certain amount of torque. 

The process of tightening such assemblies involves control over both the input torque and the 

turning angle, in order to achieve the desired preload of the assembly. However, the relationship 

between the input torque and the clamping force heavily depend on the friction parameters. 

These parameters appear on the underhead of the bolt, as well as the contact areas on the thread. 

It is fundamental to understand the role of friction during a revolution of the bolt, in order to 

define the relationship between the torque, tension and angle. 

What is usually a common method of analysis is the combination of the torque-angle curves 

while having a basic understanding of the engineering mechanics of threaded bolts. This method 

can provide practical information that is necessary in order to evaluate the characteristics of a 

tightening process, as well as to qualify the capability of the tightening tools used to properly 

tighten the joint. Figure 2.11 illustrates a common torque-angle curve. The area under the curve 

is proportional to the energy that is required in order to tighten the given joint. The tightening 

process can be therefore simplified as an energy transfer process. 

The focus of this chapter is mainly the basic fundamentals of the different processes involved 

in tightening. It provides essential information in order to understand both the mechanics and 

the terminology in tightening, and a modelling approach to friction in terms of physical 

principles. 

 

2.1 Screw thread types  

 

When determining the specifications of threaded bolts, as well as any other parts, such as the 

material qualities of screws, certain standards need to be specified.  
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2.1.1 The ISO standards 

Almost all of the modern joint thread forms, both metric and inch series forms, are based on an 

arrangement of 60 ̊ angles, conventionally refed to as the 60 ̊ form. This is the geometric angle 

describing the shape of the roots of the external (male) thread. Refer to Figure 2.1 for a visual 

of the concept. These thread forms are part of an ISO inch series, which according to [11]   is 

the first screw form to have rounded roots. This basic geometry also appears modified in 

different ways, and is the starting point for all contemporary joint thread profiles. 

 

 

Figure 2.1:  The basic profile of different thread forms (UN, UNR, metric M). This is 

considered the starting point for the design of those threads [8]  . It is identical to the design 

profile of most internal threads (both metric and UN). The design of external threads usually 

differs a bit in the shape and dimensions. 

 

In the United States, the principal inch series thread form standards are described by the United 

Thread Form (UN/UNR). Military Specification uses a slightly modified version of the 

UN/UNR which is called the UNJ form. The difference between these thread forms is on how 

edged the sharp roots of the external (male) thread teeth are filled in. A visual can be seen in 

Figure 2.2. The internal thread form is the same for both. 
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Figure 2.2: The thread forms most commonly used in the Western world at the present time. 

Each is a 60° included angle form. They differ from each other primarily in the way the roots 

of the external (male) threads are shaped. The UN form has flat or slightly rounded roots. The 

UNJ and metric MJ forms have generously rounded roots. The UNR and metric M forms have 

slightly rounded roots [11]  . 

 

The metric thread forms, code named M or MJ, are currently the most popular thread forms for 

describing the basic geometry of threads [11]  . The standardised way of the M profile does not 

include an absolutely flat root option, as opposed to the UN form, but focuses on a rounded root 

option. The axis of the screw head has the 60 ̊ form, and the rounded root option is similar to 

the design profile of the UN form. This profile defines the dimensions of the internal and 

external threads, and is commonly using the ISO 898/1 standard. 

In this thesis, thread forms and screw classes are also described using the ISO 898/1 standard. 

The material qualities of screws are standardised according to the amount of tensile stress they 

can be exposed to before breakage occurs, or the yield point is reached. The classification 

standard marks the screws according to their bolt grade, which is defined as a two-digit system 

with the first digit referring to the maximum tensile strength in 100 N/mm2, and the second digit 

indicating the relationship between the yield point and the maximum tensile strength. For 

instance, a bolt grade of 8.8 describes a screw with 800 N/mm2 minimum tensile strength and a 

yield point of 0.8 × 800 = 640 N/mm2. 

A metric thread, as mentioned above, is described by the letter M, followed by the length of the 

outer diameter of the bolt shank in millimetres. For example, a thread classified as M10 

describes a thread with a bolt shank outer diameter of 10 mm. Furthermore, bolt dimensions are 

standardized with a thread profile that can be either fine or standard, the latter being the most 

common. In this thesis, since an investigation on all different types of threads requires long 

term research and many years of experimentation, the M8 standard type screws with a bolt 
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grade of (8.8 bolt material, scaled up to 14.9 for test purposes) are used as a delimitation for the 

friction detection algorithm investigations. 

 

2.1.2 Thread fastening parts 

There are many different parts involved in screw threads. The ones mainly used for fastening 

are common bolts and nuts, since special fastening parts ought to be avoided due to their high 

prices and because the validity of the experiments will be rather limited, since the design 

becomes a special one, with a special structure instead of a common one. Generalizations are 

therefore considered impossible for those types of threads. 

More details regarding the bolt and thread nomenclature are provided in Appendix A, at the end 

of the report. 

 

2.2 Modelling of the tightening process 

 

Using materials of good quality is also an important part of tightening. In general, the screw 

tends to be the weakest member of the joint. It is comparatively inexpensive to the rest of the 

parts, and usually the first one to break. Over-dimensioning the screw only leads to a heavier 

product, with unnecessarily increased price. Furthermore, the critical factor for the quality of 

the joint is not the screw dimensions, but the amount of clamping force that can be applied. In 

other words, whether the joint can remain tight enough to prevent loosening whenever it is 

exposed to pulse loads. 

When tightening starts, clamp force starts to build up in the joint, and the material is stressed. 

After the thread settles, the material starts stretching proportional to the force, and this process 

continues until the stress in the bolt becomes equal to the tensile strength at which the screw 

will break. In other words, as long as the elongation is proportional to the stress, the screw will 

revert to its original length when the load is removed. This phenomenon occurs in what is 

defined as the elastic area. 
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Figure 2.3: Tensile load acts along the axis of the bolt, while shear load acts on the surfaces in 

contact, perpendicular to tensile load. Clamping force is developed between the surfaces in 

order to keep them together. 

 

Plastic deformation of the material in the screw can occur when a certain amount of stress is 

applied. This stress is called the yield point, and refers to a certain angular displacement. The 

graph in Figure 2.4 visualises the process. 

 

 

Figure 2.4: The case where plastic deformation of the screw leads to extra stress beyond the 

yield point, thus resulting in a certain angular displacement during tightening. 

 

 

After the yield point, torque will still continue to increase, but at a lower torque rate, since the 

screw does not break immediately. If the joint is loosened, a permanent elongation of the screw 

will occur due to the plastic deformation. Going beyond the plastic area will result in the 

breakage of the bolt, and thus a failure of the tightening attempt. The plastic area is sometimes 

deliberately specified during the tightening process, in case very accurate clamping force 

measurements are required.  
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2.2.1 Mechanics of the screw thread fastening process 

Basic knowledge from mechanics regarding relative motion between two surfaces in contact 

with each other provides the ground principles used in the screw thread fastening process. The 

principle of the inclined plane describes the forces acting on a weight in contact with an inclined 

slope, while it is sliding due to an external force applied on it. 

The same principle can be applied to a screw thread, since it can be described as an inclined 

plane winding around a column, as shown in Figure 2.5. Tightening a screw thread is equal to 

lifting up a weight on the slope, and since friction acts on the slope, the force (𝑀𝑠𝑖𝑛𝛽 +

𝑀𝜇𝑠𝑐𝑜𝑠𝛽) is necessary in order to lift up the weight of mass 𝑀. 

 

 

Figure 2.5: (left) Principle of the inclined plane, (right) Structure of the thread screw, described 

as an inclined plane wound around a column. 

 

The tightening torque usually indicates how much a bolt should be tightened. However, the 

axial tension acting on the bolt, in other words the clamp force, is the decisive parameter for 

the two surfaces to be fastened together. The relationship between the torque and clamp force 

is described by the following equation, proposed by X. Motosh [11]  , and also referred as the 

most revealing among the long-form proposed equations of tightening: 

                                                     𝑇𝑖𝑛 = 𝐹 (
𝑃

2𝜋
+

𝑟𝑡𝜇𝑡ℎ

𝑐𝑜𝑠 𝛽
+ 𝑟𝑏𝜇𝑏)                                             (2.1) 

where 𝑇𝑖𝑛 = torque applied to the joint (Nm), 𝐹 = clamp force created in the joint (N), 𝑃 = pitch 

of the thread (mm), 𝑟𝑡 = effective contact radius of the thread (mm), 𝜇𝑡ℎ = friction coefficient 

between nut and bolt threads, 𝛽 = the half-angle of the threads (30 ̊ for ISO or UN threads), 𝑟𝑏 

= effective radius of contact between the nut and joint surface (mm), 𝜇𝑏 = friction coefficient 

between the face of the nut and the upper surface of the joint (mm). 
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Figure 2.6:  Resisting forces acting on the screw thread and bearing surface during the 

tightening process. 

 

Since the parameter beta is known, using the ISO standard for the bolt dimensions, the equation 

can be rewritten in the following form instead: 

                                       𝑇𝑖𝑛 = 𝐹(0.16𝑃 + 0.58𝑑2𝜇𝑡ℎ +
𝐷𝑏𝜇𝑏

2
)                                            (2.2) 

or alternatively, 

                                           𝑇𝑖𝑛 = 𝐹(𝐶𝑔 + 𝐶(𝜇𝑡ℎ) + 𝐶(𝜇𝑏))                                                 (2.3) 

In the above equation, the first parameter in the sum depends completely on the geometry of 

the thread, whereas the other two parameters vary depending on the friction developing on the 

thread and the head of the thread respectively. It should also be noted that the above model 

works with most accuracy in low to medium speed tightening scenarios, while using slightly 

lubricated bolts. However, it is currently the most approximate one used nowadays, and hence 

the one the detection strategy of this project is modelled after. The geometric parameters 

𝑃, 𝑑2, 𝐷𝑏 are defined based on the major/minor and outer/inner diameters of the bolt, as shown 

in Figure 2.7. 

 

Figure 2.7:  The geometric parameters of the bolt in Eq. 2.2 using the ISO standard. 

2.2.2 The nut factor 
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The nut factor is described as a constant parameter K that is approximated when the above 

equation is simplified as 𝑇𝑖𝑛 = 𝐹𝑑𝐾, describing the torque and clamp force relationship during 

the linear elastic clamping zone of the assembly tightening process. This factor is mainly a 

combination of three different constants, depending on various combinations of materials, 

surface finishes, plating, coatings and lubricants. It does not have any dimensions. 

                                                           𝐾 = 𝐾1 + 𝐾2 + 𝐾3                                                      (2.4) 

where 𝐾1 = geometry factor 𝐾(𝑃, 𝑑), 𝐾2  = thread friction factor 𝐾(𝜇
𝑡ℎ
, 𝑑𝑡ℎ), 𝐾3 = bearing friction 

factor 𝐾(𝜇
𝑏
, 𝑑𝑏). These parameters can be seen in Figure 2.8. 

 

Figure 2.8:  The nut factor parameters described in the simplified form of tightening. 

 

In general, the parameters of Eq. 2.4 are approximated from tables, and the total nut factor K is 

calculated. The nut factor is a parameter mainly used for practical purposes, when one wants to 

observe variations of the friction coefficients during repeated tightenings-loosenings of the 

same joint. Actual experience has shown that these variations usually appear in a 2:1 factor or 

more, an observation which further adds to the necessity of implementing a diagnosis method 

for friction variations [9]  . 

Generally, a calculated nut factor K applies to a specific joint being assembled, and cannot be 

used for different assemblies, since the combination of materials will differ. 

 

2.2.3 The tightening phases 

The tightening process is described using the torque-to-angle relationship. Since tightening a 

joint involves turning the lead screw, observing the torque-angle curve is of the most interesting 

for describing what is actually happening during the process. 
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The most general model of the torque-angle signature has four phases, which are shown in 

Figure 2.9. The first phase is called the rundown phase, and occurs before the bolt head or nut 

comes in contact with the bearing surface. The second phase is the alignment phase, where the 

bolt and joint surfaces come in contact with each other in order to achieve what is called as a 

“snug” condition. The third phase is the elastic clamping zone, where the slope of the torque-

angle curve is essentially linear. The fourth and final phase is called the post-yield zone, and 

occurs due to yielding in the joint, the threads or clamped components, rather than due to 

yielding on the bolt [9]  . 

 

 

Figure 2.9:  The four phases of the tightening process. 

 

Essentially, the third phase is the one of the most interest. It is the phase wherein the clamping 

force develops linearly between the surfaces, and the torque increases to reach the desired target 

torque. It is also the phase that the tightening models describe, with the relation between the 

torque, friction and clamping force. Within this phase, only 10% of the applied torque prevails 

in order to develop the necessary clamping force to hold the components together. The rest of 

the applied torque is absorbed by the friction. About 50% is absorbed by the underhead friction, 

and another 40% is absorbed by the thread friction. In other words, an increase in either friction 

component of 5% is enough to reduce the tension by half.  

 

 

Figure 2.10:  A demonstration of where the applied torque goes while tightening a bolt. 
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This phase is also the one where friction has been observed to behave nonlinearly, thus resulting 

in poor tightenings due to loosening, or even breakage of the bolt. Since overall reliable 

performance of threaded bolts can be insured by achieving a certain clamping force during 

installation, controlling the frictional characteristics in both the underhead and the thread 

regions is necessary. The friction diagnosis is therefore being applied during the elastic 

clamping zone, with the aim of reporting when a variation in friction that is notable enough to 

affect the tightening has occurred.  A plot of the torque-angle profile illustrating the 

phenomenon graphically during the tightening process is shown in Figure 2.11. 

 

Figure 2.11:  Curves demonstrating the effect of friction during tightening. As demonstrated, 

approximately 50 % of the applied torque is absorbed by friction in the thread, and 40 % is 

absorbed by friction in the underhead. Only 10 % is left for developing the clamping force. 

 

2.2.4 Lubrication effects 

What is most notable to consider here is the choice of different lubricants or strength materials, 

which of course affect the friction variations differently. Thus, an accurate diagnosis method 

would be a good tool for investigating the properties and effect of the different material 

combinations of threads and joints. For lubricated screws, the friction in both the thread and the 

underhead decreases, therefore altering the relation between the torque and the clamping force. 

Applying the same amount of torque both before and after lubrication will result in more torque 

being transformed into clamping force. In worst case scenarios, this might result in a breakage 

of the screw, if the tension in the screw exceeds the tensile strength. On the other hand, using a 

screw which is completely dry of any lubricant can result in loosening of the screw, since the 

clamping force might be too small to withstand the forces the joint was initially dimensioned 

and designed for [3]  . 

The effects of lubrication on the friction parameter in thread of different materials are presented 

in Table 2.1. 
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Bolt material Nut material Dry Lightly oiled 

Untreated Untreated 0.18-0.36 0.14-0.26 

Phosphorous coated Untreated 0.25-0.40 0.17-0.30 

Electro Zinc-plated Untreated 0.11-0.36 0.11-0.20 

Phosphorous coated Phosphorous coated 0.13-0.24 0.11-0.17 

Electro Zinc-plated Electro Zinc-plated 0.18-0.42 0.13-0.22 

 

Table 2.1:  Friction coefficient range for different lubricants. 

 

2.3 Control methods in tightening  

 

Depending on the design and dimensions of the bolted joints, different tightening strategies are 

being used. Some of them are harder to control, but can provide more accurate measurement of 

the clamping force. Two methods are mentioned here, mainly torque controlled and angle 

controlled tightening. These are the two most popular tightening methods, and other tightening 

strategies are based on one, or combinations of these. 

 

2.3.1 Torque controlled tightening 

In this method, the tightening torque in the joint is controlled by monitoring the applied torque. 

This procedure is conducted using certain tightening tools, such as the torque wrench for 

manual tightening, or an electric nutrunner for a more sophisticated approach. Eq. 2.2 can be 

used in order to describe the relationship between the applied torque and the clamping force, as 

well as the effects of the friction coefficients. This yields different torque contributions from 

the thread pitch (geometry dependent parameter), thread friction (geometry and friction 

dependent) and bearing friction (geometry and friction dependent). 

                                                               𝑇𝑡𝑜𝑡 = 𝑇𝑝 + 𝑇𝑡ℎ + 𝑇𝑏                                              (2.5) 

𝑇𝑝 = Torque produced by the inclined plane action of the nut threads acting on the bolt 

threads, alternatively referred to as the bolt stretch component of the reaction 

torque. This term produces the clamping force that compresses the joint and the 

nut, and is part of the torque that twists the body of the bolt. 
𝑇𝑡ℎ = Reaction torque which is created by friction restraint between the nut and bolt 

threads. It provides the rest of the torque that twists the bolt. 
𝑇𝑏 = Reaction torque created by frictional restraint between the face of the nut and the 

joint. 

 

2.3.2 Angle controlled tightening 

If one aims to achieve a more accurate clamping force, then angle control tightening is the 

method most suitable for this result [11]  . By first applying low torque to tighten the bolt up to 

a certain reference point, and then start turning it with regards to the tightening angle determined 



 

19 
 

by the reference point and on, one can exploit the plastic deformation phenomena occurring on 

the bolt in order to achieve higher clamping force. As a reference point, usually the torque value 

in which the Torque-Angle diagram starts behaving linearly is the one most frequently used. 

This value is also referred to as the “snug torque”. In order for this method to work, certain 

types of tools which allow for a shut-off at a specific angle of turn need to be used. It is also 

necessary for the snug torque value to be initiated at a level above the alignment zone of the 

tightening process. 

 

2.3.3 Comparison of the two methods 

Since angle control requires monitoring of the angle of turn, as well as a controlling tool shut-

off function for specified torque levels, it is a more difficult method compared to torque control 

only. However, using torque control to tighten a bolt has the drawback of uncertainty. There is 

actually no way to be absolutely 100% certain that the desired tension, or clamping force, will 

be created. This implies that every time torque control is used, an element of statistical 

“gambling” is introduced into the assembly process. One would prefer to combine the method 

with an additional angle control part after reaching the desired threshold level on the torque, in 

other words the target torque, in order to increase reliability of the tightening action. 

In addition, higher accuracy on the clamping force applied to the joint is achieved with angle 

control compared to torque control. For instance, Figure 2.11 shows the torque and tension 

levels on the same joint, when both tightening methods are applied separately. One can observe 

a scattering on the clamping force as much as 40% achieved with torque control, being reduced 

down to 10% with torque-angle control. 

 

 

Figure 2.12:  Cases where torque control and torque-angle control is used, for rough and well-

oiled joints. Clamping force is reduced as much as 40 % when torque-angle control is used. 
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2.4 Tightening tools 

 

Depending on the situation, different tightening tools can be used for reaching different torque 

values. When the torque tightening strategy is used, the most important specification of the 

tightening tool is the torque control accuracy. This is calculated as the amount of relative error 

in the tightening torque signal. A small relative error, i.e. the ratio of the maximum deviation 

from the target torque to the reference target torque, is also essential [8]  . It is therefore 

important to make a good selection of the fastening tool used during the manufacturing process, 

in order to ensure that the required torque tolerance in the design in sufficiently accomplished. 

At the same time, appropriate recording tools or machines are also required in order to gather 

data and analyse them. Fortunately, most of the tightening tools support signal recording 

features using the integrated transducers to measure and display different variables involved in 

tightening. Since most of these tools are AC power operated, the power instrument used for 

visually displaying above mentioned data can also be connected to a computer via USB or 

Ethernet cable, and transfer the measured signals for further processing on a different machine. 

 

2.4.1 Tool models 

There are many different tools that can be used for tightening. Examples include impact tools 

(e.g. impact wrenches − the principle is the same as striking with a hammer), pulse tools (e.g. 

hydraulic pulse hand tool – same principle as above, with reduced noise levels, since hydraulic 

cushion is used instead of direct metal to metal blows), or pneumatic screw drivers and 

nutrunners, which are direct driven air powered tools with applications both in static and 

dynamic tightening, with torques exceeding the level or common screwdriver range. Table 2.2 

provides more detailed specifications of the different types of tightening tools. 

 

Type of tool Name Torque control function 

Screw driver Screw torque checker Without (with measuring function) 

Wrench Impact torque wrench Min. control only 

Pulse hand tool Hydraulic pulse Without (with measuring function) 

Pneumatic Impact wrench With or without 

Electric Angle nutrunner With 

Electric Multi-spindle nutrunner With 

 

Table 2.2:  Different types of tightening tools, with their specifications [8]  . 

 

The tool used in this project is an electrically driven nutrunner, model STR61-30-10, which 

provides sufficient reaction response to high torque values which would be hard for the operator 

to handle using simple straight and pistol grip handles. This tool is commonly used for bolts in 
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the range between M6 and M14, with tightening torques ranging between 10 to 150 Nm. The 

tool acts as a level to enable the operator to hold the reaction forces.  

 

2.4.2  Tightening strategies on the tools 

The more advanced tightening tools allow for certain tightening strategies to be programmed 

onto the tool. These strategies are based on the power supplied to the motor of the tool, in order 

to regulate the tightening speed during the tightening process. Different tightening times are 

achieved, depending on the speed of the motor during tightening. The most common strategies 

are presented below. 

 

Constant speed tightening (CST) 

This tightening strategy is used to reduce the joint’s preload scatter by adding an initial step 

with defined speed and torque values, and then reducing the speed on the final step. It results 

in a constant speed value during the elastic clamping phase of the tightening process, which can 

be predefined by the user. A schematic of the tightening process is shown in Figure 2.13. 

 

 

Figure 2.13:  The phases of the CST tightening strategy [17]  . First torque and speed 

parameters are defined as the target torque and speed during the first step. 
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Constant speed with delay tightening (CSDT) 

This tightening strategy greatly resembles the CST strategy described above, with the extra 

characteristic of a small time delay between the first step and the final step. This extra feature 

is used in order to further counteract potential short-term relaxation effects in the joint. In order 

to effectively fine-tune the strategy, the first torque and the pause time should be chosen 

depending on the performance that yields improved ergonomics for hand-held tools. 

 

 

Figure 2.14:  The phases of the CSDT tightening strategy [17]  . First torque and speed 

parameters are defined as the target torque and speed during the first step, and pause time is 

defined as the time between the first and second step (default value: 50 ms). 

 

Highly dynamic tightening (HDT) 

The method under consideration in this report is a new tightening strategy used for quick and 

dynamic tightening. It dynamically reads the stiffness of the joint during the tightening cycle, 

and calculates the energy required in order to reach the target torque. This method regulates the 

tightening speed and using the inertia of the tool, it minimizes the reaction force to the operator. 

The result is a quick tightening (<30 ms) while maintaining reliable accuracy [3]  . The motor 

is stopped when the torque level reaches really close to the target torque. A comparison of the 

HDT strategy to the CSDT strategy is illustrated in Figure 2.15. 
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Figure 2.15:  The HDT strategy with the speed and torque signals on the left, and the CSDT 

strategy on the right [17]  . As it can be observed, HDT reaches the target torque after time t, 

while the CSDT takes more than twice the time (2t) to reach the target torque. 

 

Explained in simple terms, the HDT strategy could be compared to a car traveling upwards on 

an inclined plane (uphill), with the driver regulating the speed with the gas pedal, and pushing 

the brake pedal a bit before reaching the top, thus using the car’s built up momentum to arrive 

at the top “softly”. In a similar manner, HDT regulates the tightening speed supplied to the 

motor, and uses the tool’s inertia to counteract and minimize the force transmitted to the 

operator’s hand and arm. 

 

Figure 2.16:  The HDT tightening strategy in action, compared to a car traveling uphill with 

the speed regulated by the driver. The inertia of the car is used to offset the torque from the 

engine, thus stopping the car at the top. 
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2.4.3  Recording tools 

The integrated transducers on the fastening tools allow for dynamic measurement of the 

tightening signals, such as the torque or the angle. Dynamic measurement implies that the 

torque is continuously measured throughout the whole tightening cycle. This is an advantage 

compared to static measurement, since the necessity for subsequent checking of the signals is 

eliminated. 

The signals are measured using built-in inline transducers. A torque transducer is mounted 

between the driving shaft of the tool and the crew drive socket. It works using principles of a 

Wheatstone bridge, which senses the elastic deformation of the body resulting from the applied 

torque and produces an electric signal for further processing in the measurement instrument. In 

principle, the torque transducer can be regarded as a drive rod with installed resistances. The 

tightening angle is also monitored using a built-in angle encoder installed on the inline 

transducer. 

The fastening tool is connected to a low voltage DC motor via a transformer, which powers the 

tool while simultaneously measuring the data in a control unit. These are highly sophisticated 

units with the ability to continuously control the tightening process by both torque and 

torque/angle control. A model of such a unit is the Power Focus 6000 (PF6) control unit 

designed by Atlas Copco, which provides both different tightening strategies, as well as visual 

curves of the signals and a variety of virtual stations. The data of this unit can be transferred to 

a computer via an Ethernet or USB cable, and then exported in a variety of forms, such as .xls 

or .mat for post-processing. 

 

Figure 2.17:   (left) Dewe43-A unit [18]  , (right) PF6 with a tool connected [17]  . 

 

At the same time, since the inline transducers of the fastening tools do not support measurement 

of the clamp force, external transducers are necessary. A data acquisition unit called Dewe43-

A from Dewesoft is used for such purposes. By connecting the analogue input ports to 

transducers, data from signals such as the clamp force, torque in the thread, friction etc. can be 
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collected and transferred to a computer via a USB port. The corresponding computer software 

is called Dewesoft X and allows for post-processing, filter application, calculations, etc. of the 

imported signals. Data can also be exported in .mat form for further processing in Matlab along 

with the signals from the inline transducer. 
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Chapter 3 
 

Fault detection and isolation (FDI) 

 

A lot of processes are in need of constant monitoring and fault diagnosis. From smaller scale, 

such as monitoring of small vibrations occurring between the particles of a molecule, to much 

larger scale, such as monitoring and control of the ventilation system in a nuclear factory or the 

international space station. Fault detection and isolation (FDI) refers to the detection of 

abnormal behaviour and determination of its cause, according to domain knowledge, 

observations and premises. It is a multidisciplinary topic of relevance among a lot of different 

fields, and also one of interest for the diagnosis of the tightening process and detection of 

friction variations. 

 

3.1 Overview of fault diagnosis  

 

The process of fault diagnosis involves two main functions. The first one is the detection of a 

fault, where data is collected and compared to available knowledge in order to determine the 

presence of any abnormalities and generate symptoms. These symptoms are then analysed in 

what is known as the fault isolation procedure, in order to produce a diagnosis that is consistent 

to the embedded information and knowledge describing the diagnosis observations. The process 

can be seen as a block diagram on Figure 3.1. 

 

Figure 3.1: Fault detection scheme. The monitored system is affected by faults and 

disturbances (inputs), and generates data. Features are extracted from the data, and compared 

to their nominal behaviours. The test quantities generated are a measure of conformity between 

the observed and the nominal behaviour (residuals). These are evaluated by a decision rule, 

which generates a diagnosis symptom. 
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Data is generated and used as inputs of the fault detection scheme. These inputs can be either 

faults or disturbances. After a processing phase, characteristic features or properties of the 

system are extracted from these inputs, such as residuals or signal spectra. A behaviour 

comparison process is then performed in order to compare the extracted features to their 

nominal behaviour observed under normal circumstances. Test quantities are generated, and a 

decision rule is applied in order to determine how large the difference between the observed 

and the nominal features is. The decision rule can be a statistical test, or a typical threshold 

check. Symptoms are generated, which indicate the presence or absence of abnormalities. 

Fault detection can be performed either “online” or “offline”, depending on the perturbation of 

the system’s functions during operation. When the method is conducted without any 

perturbation, then it is called an online solution. On the other hand, perturbation reduces the 

system’s availability, and the process is therefore denoted as offline. Active excitation of the 

system also labels the fault detection process as “active”, whereas passive studying it denotes 

the process as “passive”. A sequential, or batch solution, is obtained when the fault detection 

process is performed recursively at each new observation. 

 

3.2 Fault models 

 

The modelling of faults is an important part of the fault detection scheme. The first step one 

should conduct when developing a fault detection algorithm is to identify what type of fault one 

wants to detect. A fault model reflects the physical effects of the fault. In general, faults can be 

categorized by their behaviour through time, as well as by the way they influence the system 

[6]  . 

With respect to its behaviour through time, a fault model can be categorized as: 

- Abrupt, when it affects the system abruptly, in a stepwise manner 

- Incipient, when it occurs gradually as time passes. 

- Intermittent, when it affects the system with interruptions. 

According to the way it influences the system, a fault model can be categorized as: 

- Additive, when it is effectively added to the system’s input or output signals describing 

the model. 

- Multiplicative, when it is acting on a certain parameter (or more) of the system. 

- Structural, when it introduces new governing terms to the equations describing the 

system. 

A fault model should be categorized accordingly in order for the detection algorithm to perform 

realistically on the physical process where the faults occur. An example of an additive fault 

could be a bias error in a sensor, since it will be added as extra noise to the measurements 

extracted from the sensor. A multiplicative fault, on the other hand, could be an inaccurate 

specification of the payload mass of a robotic arm, thus resulting in different dynamics of the 
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motion model. This occurs because the fault affects some system parameters related to motion 

[15]  . In the case of friction, it is a parameter whose fault behaviour could be identified as a 

multiplicative fault, occurring either abruptly or incipiently, depending on the system of the 

concerned study case. 

 

Figure 3.2: Additive and multiplicative faults. The additive input fault 𝑓𝑢 is directly added to 

the input signal 𝑢, while the additive output fault 𝑓𝑦 is directly added to the output signal 𝑦. 

Multiplicative faults 𝑓𝑚𝑢𝑙𝑡 are multiplied directly in the system. 

 

3.3 Parameter estimation  

 

In order to support the design of an implemented fault detection algorithm, a fault model is 

necessary. This model describes the behaviour of the system, as well as its dependence on faults. 

It includes the variables affecting the system, and describes the relationship between them. This 

relationship can be described by a map: 

                                                             𝑦 =  ℎ (𝑧, 𝑣)                                                            (3.1) 

Here, the output data that is measured is denoted by y, and is affected by random v, and 

deterministic z, inputs. The random inputs v can for instance be noise and disturbance signals, 

and are considered unknown. The deterministic inputs z can be either known, such as the control 

input u and reference signal r, or unknown, such as disturbances d and faults f. The inputs to 

the diagnosis process are the known signals r, u and y. In order to effectively evaluate the 

diagnosis method, it is fundamental to have good understanding of how the unknown 

parameters v, d and f affect the measured parameters of the system. This way, accurate 

identification of the different effects is achievable. 

The map of the system’s model structure is defined as the behavioural mapping in Eq. 3.1 above, 

with the addition of some parameters θ that the system is a function of. The model structure is 

defined as: 

                                                           𝑀:    𝑦 =  ℎ (𝑧, 𝑣;  𝜃)                                                 (3.2) 

A model instance 𝑀(𝜃𝑘) is obtained for a particular set of parameters, namely 𝜃𝑘. The modeling 

of the system is defined using principles from the laws of physics, where the resulting 

parameters will have a physical meaning. At the same time, empirical definition is conducted 
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via an identification procedure when the parameters have unknown values. Some common 

approaches of fault detection system model structures are discussed here. 

 

3.3.1 Residual generation 

In this approach, the output is reconstructed from the data using a nominal model instance 

𝑀(𝜃0). An analytical redundancy at each sample time k is therefore generated from the system 

outputs 𝑦𝑘. This redundancy is denoted as �̂�(𝑘, 𝜃0), and is used in order to generate the 

difference: 

                                                         휀(𝑘, 𝜃0) = 𝑦𝑘 − �̂�(𝑘, 𝜃0)                                             (3.3) 

which is defined as the residual of the model at sample instance k. These residuals measure the 

deviations between the model and the observations, and are used as test quantities. 

In order for the unknown parameters of the model instance 𝑀(𝜃𝑘) to result in a model that best 

explains the data, an estimation of the data needs to be performed. The least squares criterion 

is usually a common choice [7]  . It makes a choice of theta which minimizes the sum of the 

squared errors, so that the test quantities can be defined by comparing the estimated 𝜃 to the 

nominal region 𝛩0, where: 

                                                   𝜃 = 𝑎𝑟𝑔min
𝜃

∑ (𝑘 𝑦𝑘 − �̂�(𝑘, 𝜃))2                                       (3.4) 

Residuals can therefore be generated as 휀(𝜃) = 𝑦 − �̂�(�̂�)  using Eq. 3.3, for a given estimate 

𝜃 calculated from Eq. 3.4. 

 

3.3.2  Spectral analysis 

In the case where the available data are signals, the system condition can be described by 

studying the characteristics of these signals. One method of achieving this is by using 

transforms. With this method, a signal is mapped from its original domain (usually the time 

domain) to another domain (usually the frequency domain). This way it is possible to study 

features of the data that reveal more information regarding the faults in the alternative domain 

compared to the original one. 

A transform which is used extensively in signal processing is the Fourier transform, which is a 

form of an integral transform. Generally, an integral transform T has the following form: 

                                               �̅�(𝑣) = 𝑇{𝑦(𝑡)} = ∫ 𝜅(𝑡, 𝑣)𝑦(𝑡)𝑑𝑡
𝑡1

𝑡0
                                     (3.5) 

where 𝑦(𝑡) denotes the original signal, �̅�(𝑣) denotes the transformed signal, 𝜅(𝑡, 𝑣) is a kernel 

function, and 𝑣 is the variable parameter on the alternative domain. For the Fourier transform, 

the kernel function is defined as: 
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                                              𝜅(𝑡, 𝑣) = 𝑒−𝑖𝑡𝑣, 𝑡0 = −∞,      𝑡1 = ∞                                     (3.6) 

where 𝑡 is the time domain, and 𝑣 is the frequency domain. 

Analyzing data in the frequency domain has proven to be a successful method over the years 

within the domain of rotating machines [7]  . Specific characteristics of the spectrum can 

therefore be used as test quantities, which allows for a fault detection process that identifies the 

unhealthy signal behavior given knowledge of the entire spectrum under certain conditions. 

At the same time, it is also possible to define test quantities by directly comparing spectra with 

one another. For instance, the log-spectral distance between a fault-free known behavior 

represented by a spectrum �̅�0(𝑣), and the spectrum �̅�(𝑣) obtained by the test data y, can be 

used as a test quantity in order to evaluate the conformity of the spectrum to the reference 

spectrum.  

                                                           𝑞 = ‖𝑙𝑜𝑔
�̅�0(𝑣)

�̅�(𝑣)
‖

𝛿
                                                       (3.7) 

The test quantity q is defined by a norm δ highlighting the different characteristics, e.g. 𝛿 = ∞ 

yields maximum deviation, whereas 𝛿 = 2 yields the mean quadratic distance. 

 

3.3.3  Statistical data-driven analysis 

The main characteristic of data-driven methods is the probability distribution 𝑝(𝑦) of the data, 

which is used to define different test quantities. A method which is rather common in this 

domain is the Kernel density estimator approach, which estimates the distribution 𝑝(𝑦) from 

the data vector y using an empirical characteristic function 𝜃(𝑣): R → C, defined as: 

                                    𝜃(𝑣) = 𝐸[𝑒𝑖𝑣𝑦] = ∫ 𝑒𝑖𝑣𝑦𝑝(𝑦)𝑑𝑦
∞

−∞
= 𝐹−1{𝑝(𝑦)}2𝜋                       (3.8) 

Here, 𝐹−1{ . } denotes the inverse Fourier transform. For a data sample y ∈ 𝑅𝑁, the empirical 

estimate of 𝜃(𝑣) is defined as: 

                                                             𝜃(𝑣) =
1

𝑁
∑ 𝑒𝑖𝑣𝑦𝑛𝑁

𝑛=1                                                 (3.9) 

The goal is therefore to obtain �̂�(𝑦) from 𝜃(𝑣). A direct approach using the Fourier transform 

of 𝜃(𝑣) only results on an estimate with a non-decreasing variance as N increases [5]  . For this 

reason, a symmetrical weighting function 𝜓(𝑣) = 𝜓(ℎ𝑣) for which 𝜓(𝑣) = 1  and  

lim
𝑣→∞

𝜓(𝑣) = 1, yields the kernel density estimate (KDE): 

                                        �̂�(𝑦) =
1

2𝜋
𝐹{𝜃(𝑣)𝜓(ℎ𝑣)} =

1

𝑁
∑ 𝜅ℎ(𝑦 − 𝑦𝑛)

𝑁
𝑛=1                         (3.10) 

where 𝜅ℎ(𝑦)ℎ = 𝐹−1{𝜓ℎ(𝑣)} is a kernel function satisfying 𝜅ℎ( . ) ≥ 0 and ∫𝜅ℎ = 1. 
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3.4 Fault detection algorithms 

 

A brief analysis of the most common fault detection algorithms is presented on this section. 

When a parameter 𝑦𝑡 is estimated at time step t, 𝑦𝑡 =  𝜃𝑡 + 𝑒𝑡, where  𝜃𝑡 is deterministic and 

𝑒𝑡 is a noise signal, a metric of changes in the residual needs to be defined and a stopping rule 

is used to generate alarms based on the detection algorithm. 

 

 

Figure 3.3: Change detection scheme. 

 

A classical approach is to define a threshold as a comparison reference to the estimated standard 

deviation at each time step, what is commonly referred to as the “3-sigma test” |𝑠𝑡| = 3𝜎𝑡. Yet, 

this method lacks robustness in cases where the signals have a relatively high variation, or when 

the nature of the faults is incipient. This is mainly the reason different detection algorithms are 

being applied as stopping rules in the detection scheme. 

Such varying methods of implementing a change detection process on a modelled system 

depend both on the nature of the system parameters, as well as on the purpose the algorithm is 

to be used for. For instance, if the detection process is to be used on an online system, thus 

detecting changes in real time, then there are certain algorithms that perform much better than 

others, such as the cumulative sum (CUSUM) algorithm. On the other hand, a recursive 

Bayesian approach might be useful for an offline detection method, e.g. during the post-

processing phase of the available observations. Since using Bayesian state estimation in 

nonlinear systems involves high dimensional integration (Chapman-Kolmogorov equation, 

Bayes theorem, etc.) for the posteriori probability state model [12]  , it makes it more suitable 

as an offline method, mainly due to the processing time required to output the estimated 

parameters. 

 

3.4.1  CUSUM  

The cumulative sum (CUSUM) technique is an iterative method commonly used in different 

signal processing fields. One of the most common problems in statistical analysis is the 

extraction of signals from background noise, especially when the change detection in the data 

sequence needs to be separated from the random fluctuation of the noise. It is method generally 

used for signals having a high variation, or when the expected faults occur incipiently [14]  .  
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Given a set of discrete sequential data points {𝑥0, 𝑥1, … , 𝑥𝑛} where n is a positive integer, the 

method uses CUSUM-charts constructed by calculating the cumulative sum of the data as 

follows: 

                                                            𝐶𝑡 = ∑ (𝑥𝑖 − 𝜇𝑥)
𝑡+1−𝑙
𝑖=1                                               (3.11) 

where 𝜇𝑥 is a constant, commonly defined as the observed average of the series. 𝐶𝑡 increases if 

the process mean increases above 𝜇𝑥, therefore defining a one-sided test for positive deviations 

above the mean. If (𝑥𝑖 − 𝜇𝑥) < 0, then the path of the chart will point downwards, therefore 

indicating no positive deviation. For 𝐶𝑡 < 0, the chart resets the time origin, so that it only 

detects positive deviations.  

The interval between the time-origin to the reset-point is referred to as the run length of the 

chart. It depends highly on the data set being tested, as well as the point 𝑙 used as the time-

origin reference, i.e. 𝑖 = 𝑙. The alarm is triggered based on a threshold parameter b, where 𝐶𝑡 >

𝑏 triggers an alarm. The value of b is a predefined ad hoc criterion, usually defined as an integer 

k multiplied by the standard deviation 𝜎𝑥 of the data set, i.e. 𝑏 = 𝑘𝜎𝑥. 

Since the test needs to be two-sided in order to detect both positive and negative deviations, 

two one-sided schemes are applied in parallel on the data set. Every time the process exceed 

the threshold value b, the time of deviation is marked as 𝑡𝑑 and the indication instance can be 

plotted or stored. 

 

3.4.2  Particle filter  

In nonlinear systems where the noise and disturbances can be either Gaussian or non-Gaussian, 

a particle filter (PF) based framework for fault diagnosis can be considered. The first step is the 

estimation of the unknown state variables of the model, in order to generate residuals. Then, 

the occurrence of the fault can be described using a posteriori probability density function of 

the states, in order for the statistical estimates to be computed. The Bayesian recursive relations 

are solved using Sequential Monte Carlo (SMC) methods. An SMC is a filtering approach using 

samples or particles as representations of the complete posterior distribution of the estimates. 

In comparison, a mean and covariance from an approximated Gaussian distribution are used in 

Extended Kalman Filters (EKF) and their variations, delimiting the application range since the 

noise models need to be represented by Gaussian distributions. 

The statistical estimates can be computed using a variety of ways, the most common of which 

being the Minimum Mean Squared Error (MMSE) method, or the Maximum a Posteriori 

Probabilities (MAP) approach. These methods were introduced in the year 2000 by 

Kadirkamanathan and al. [12]  , where the particle filter and innovation based fault detection 

techniques are combined in order to implement an FDI scheme. The types of faults the particle 

filter method is compatible with are the ones where the system parameter values reflected on 

the state transition matrix 𝑓𝑘( . ) at time step k are observed in failure type transition states. 

Thus, a state observer returns the time step at which the fault occurred. 
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The MMSE and MAP estimates for nonlinear stochastic systems, with noise models being 

either Gaussian or non-Gaussian, are respectively defined as follows: 

                           𝑥𝑘+1|𝑘+1
𝑀𝑀𝑆𝐸 = 휀[𝑥𝑘+1|𝐷𝑘+1] = ∫ 𝑥𝑘+1𝑝(𝑥𝑘+1|𝐷𝑘+1)𝑑𝑥𝑘+1𝑅𝑛𝑥                    (3.12) 

                                           𝑥𝑘+1|𝑘+1
𝑀𝐴𝑃 = 𝑎𝑟𝑔𝑥𝑘+1

max [𝑝(𝑥𝑘+1|𝐷𝑘+1)]                                (3.13) 

where 𝑥𝑘+1 is the current state, D is the input/output data observed up to the instant k+, and 

𝑝(𝑥𝑘+1|𝐷𝑘+1) is the conditional probability density function (pdf).  

Since the particle filter approach uses a swarm of particles N (or samples) to represent and 

recursively construct the pdf, it requires the measured output 𝐷𝑘+1 as input data, while assuming 

a conditional independence of the sequence. There are two steps in the algorithm: 

1) A prediction phase, where the one-step ahead current pdf state 𝑥𝑘+1 is predicted, 

outputting a pdf called prior. 

2) An update phase, where Bayes rule is used in order to correct the current prior using the 

previous measurement. 

The random particles of the pdf 𝑥𝑘+1
𝑖  come in sets with their normalized associated weights 

𝑤𝑘+1
𝑖 , where sum (from 𝑖 = 1 to N) of 𝑤𝑘+1

𝑖 = 1. These samples are drawn from a so-called 

importance density function 𝑞(𝑥𝑘+1|𝑥𝑘, 𝑦𝑘+1) using the current measurement 𝑦𝑘+1, and an 

update of the weights is performed. 

Resampling is also a necessary step of the particle filter, since the algorithm suffers from a 

common problem called particle deprivation, which describes the situation where all but one 

particles will end up with negligible weights after several iterations. In order to avoid this issue, 

an effective sample size needs to be defined. This is usually defined as: 

                                                           𝑁𝑒𝑓𝑓 =
1

∑ (𝑤𝑘+1
𝑖 )2𝑁

𝑖=1

                                                    (3.14) 

where 𝑁𝑒𝑓𝑓 < 𝑁𝑡ℎ𝑟𝑒𝑠 with 𝑁𝑡ℎ𝑟𝑒𝑠 ∈ [1, N] describing the condition for which particle 

deprivation occurs. 

In summary, the particle filter based FDI algorithm is described as follows: 

Step 1: State prediction 

Samples {𝑥𝑘+1
𝑖 : 𝑖 = 1,… ,𝑁} are generated. 

Step 2: Output prediction 

Output samples {𝑦𝑘+1
𝑖 : 𝑖 = 1,… ,𝑁} are generated from a model-based measurement equation 

ℎ𝑘( . ), where 𝑦𝑘+1
𝑖 = ℎ𝑘(𝑥𝑘+1

𝑖 ) 

Step 3: Residual generation 

A sample average of the predicted measurements is computed: 
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𝑟𝑘+1 = 𝑦𝑘+1 − 𝑦𝑘+1
𝑖  

Step 4: Fault detection 

The likelihood is computed by: 

𝑝(𝑟𝑘+1|𝐷𝑘+1) =
1

𝑁
∑𝑤𝑘+1

𝑖

𝑁

𝑖=1

 

which is used to obtain the negative log likelihood: 

𝑣(𝑘 + 1) = ∑ −ln (𝑝(𝑟𝑘+1|𝐷𝑘+1))

𝐾

𝑗=𝑘−𝑊+1

 

The condition 𝑣(𝑘 + 1) > 휀 is finally tested as a stopping rule in order to trigger an alarm and 

indicate a fault. 

Algorithm 3.1:  Particle filter-based fault detection algorithm [12]  . 

 

3.4.3  Linear regression  

In cases where a linear regression model is concerned, the sequentially obtained data can be 

used in a detection scheme based on a weighted sum of 𝐿1-residuals. Thus, changes in the 

regression parameter can be detected, provided that no-change conditions have been used as 

training data in the model [13]  . 

A number of sequentially observed data 𝑌𝑖 from a linear regression model are defined as: 

                                                    𝑌𝑖 = 𝑋𝑖
𝑇𝛽𝑖 + 𝑒𝑖,        1 ≤ 𝑖 ≤ ∞                                       (3.15) 

where 𝑋𝑖
𝑇 = (1, 𝑋𝑖2, … , 𝑋𝑖𝑝 are p-dimensional vectors of regressors, 𝛽𝑖 ∈ 𝑅𝑝 are unknown 

vectors of regression parameters, and 𝑒𝑖 is the random error variable. 

The training data of size m representing the no-change condition are therefore represented by 

the assumption:  

                                                                𝛽𝑖 = ⋯ = 𝛽𝑚                                                       (3.16) 

The condition of a change occurring is therefore a simple comparison test at each time step i, 

where 𝛽𝑖 = 𝛽0,  1 ≤ 𝑖 < ∞ indicates the condition where no change has occurred, and 𝛽𝑖 =

𝛽0 + 𝛿𝑚, where ‖𝛿𝑚‖ ≠ 0 indicates a condition that a change has occurred. 

By denoting a test statistic with 𝑄(𝑚, 𝑘) and a boundary function with 𝑔(𝑚, 𝑘), the 𝐿1-residuals 

method performs a test statistic that is able to detect all changes in beta using: 

                                      �̃�(𝑚, 𝑘) = (∑ 𝑋𝑖𝑒�̃�
𝑚+𝑘
𝑖=𝑚+1 )

𝑇
𝐶𝑚

−1(∑ 𝑋𝑖𝑒�̃�
𝑚+𝑘
𝑖=𝑚+1 ),    𝑘 = 1,2, …        (3.17) 
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where 𝐶𝑚 = ∑ 𝑋𝑗𝑋𝑗
𝑇𝑚

𝑖=1 , and 𝑒�̃� = 𝑠𝑖𝑔𝑛(𝑌𝑖 − 𝑋𝑗
𝑇𝛽�̃� denotes the 𝐿1-residuals. Note that 

𝑉𝑎𝑟(𝑒�̃�) = 1. 

The stopping rule uses a boundary function defined as: 

                         𝑔2(𝑚, 𝑘, 𝛾) = (√𝑚(1 +
𝑘

𝑚
) (

𝑘

𝑚+𝑘
)
𝛾

)2,    𝛾 ∈ [0,min {𝜏, 1/2}]                (3.18) 

The boundary function uses a tuning parameter gamma, which tunes the sensitivity of early or 

late detection, i.e. 𝛾 → 1/2 yields better early detection, while 𝛾 → 0 yields better late 

detection. The range of the tuning parameter is defined by 𝛾 ∈ [0,min {𝜏, 1/2}] where 𝜏 is the 

stopping time of the process. 

 

3.5 Decision rule 

 

In order to trigger an alarm or not, a decision rule needs to be defined. In terms of an FDI 

method, it is mainly the rule used in the detection algorithm in order to define the thresholds of 

the stopping rule.  

Given a test quantity q, a diagnosis statement needs to be extracted after the diagnostic test is 

performed. This test has the purpose of investigating if some specific behavioural modes are 

present or not in the system [5]  . 

For the isolation of a fault, the column matching approach can be used. A table of how the 

different tests respond when the system is in different behavioural modes can be generated. An 

example with 3 diagnostic tests 𝑇𝑘(𝑞), 𝑘 = 1, 2, 3 and 4 behavioural modes (𝑁𝐹, 𝐹1, 𝐹2, 𝐹3) is 

shown in Table 3.1. 

 

Decision rule 𝑁𝐹 𝐹1 𝐹2 𝐹3 

𝑇1(𝑞) 0 0 1 0 

𝑇2(𝑞) 0 0 1 1 

𝑇3(𝑞) 0 1 0 1 

 

Table 3.1:  A decision rule model with 3 diagnostic tests and 4 behavioural modes, where 1 

indicates the presence of fault, and 0 indicates the absence of a fault. 

 

 

The column matching approach uses an isolation logic, which in a Boolean data sense 

indicates the presence of a fault with 1, absence with a 0. 

In this section, different types of decision rules are briefly presented. 
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3.5.1  Null-hypothesis testing 

In this test, the decision rule uses the test quantity q as input, and then outputs a hypothesis 

defined as a conjecture of whether the behaviour of the extracted features conform to a nominal 

behaviour or not. 

In most cases, two hypotheses are defined. The null hypothesis 𝐻0 corresponds to the case 

where both the extracted features and the nominal behaviour agree with each other. Due to 

different noise models and random disturbances, the test quantity q will most likely present a 

random behaviour based on the present hypothesis. The alternative hypothesis is 𝐻1, and 

represents the case where the extracted features diverge from the nominal behaviour in a 

predefined degree. The decision rule is modelled as: 

                                                   𝐻0: 𝑞~𝑝0(𝑞),        𝐻1: 𝑞~𝑝1(𝑞)                                        (3.19) 

A general model can therefore be described as 𝜑(𝑞): 𝑅 → {0,1} where 𝜑(𝑞) = 0 yields 

acceptance of the 𝐻0 hypothesis, and 𝜑(𝑞) = 1  yields acceptance of the 𝐻1 hypothesis. An 

acceptance region 𝑅0 can be defined as: 

                                                             𝑅0 = {𝑞: 𝜑(𝑞) = 0}                                                (3.20) 

with its complement being the set that yields 𝜑(𝑞) = 0, ergo 𝑅0
𝑐. 

 

3.5.2  Neyman-Pearson criteria 

The performance of the decision rule can be measured using the probabilities of accepting 

erroneous decisions, such as the probability of false alarm 𝑃𝑓, or the probability of a missed 

detection 𝑃𝑚. These are defined as: 

                         𝑃𝑓 = 𝑃[𝜑(𝑞) = 1|𝐻0 𝑡𝑟𝑢𝑒] = ∫ 𝑝0(𝑞)𝑑𝑞
𝑅0

𝑐 = 1 − ∫ 𝑝0(𝑞)𝑑𝑞
𝑅0

              (3.21) 

                                            𝑃𝑚 = 𝑃[𝜑(𝑞) = 0|𝐻1 𝑡𝑟𝑢𝑒] = ∫ 𝑝1(𝑞)𝑑𝑞
𝑅0

                          (3.22) 

A compromise needs to be reached if one attempts to minimize one of the error probabilities. 

In this case, the Neyman-Pearson criteria can be applied [7]  , where one of the probabilities is 

constrained by an upper bound, while the other one is minimized. The nature of the decision 

errors cannot be made arbitrarily small. Hence the following criteria needs to be applied: 

                             min
𝑅0

𝑃𝑚 so that 𝑃𝑓 ≤ 𝑃𝑓′,       or      min
𝑅0

𝑃𝑓 so that 𝑃𝑚 ≤ 𝑃𝑚′                 (3.23) 

Here, 𝑃𝑓′ and 𝑃𝑚′ are predefined values that comply with the desired compromise. 
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3.5.3  Thresholding 

Defining a direct threshold on the test quantity q is considered the most common and simplest 

to implement decision rule. The acceptance region is given by: 

                                                           𝑅0 = {𝑞|𝑞 ≤ 𝑏}                                                        (3.24) 

where b is the predefined threshold. The choice of b can be motivated using the Neyman-

Pearson criteria, or alternatively chosen empirically based on previous knowledge regarding the 

behaviour of the test quantity extracted from the system. 

In order to evaluate the threshold, the error probabilities are used: 

                                               𝑃𝑓 = ∫ 𝑝0(𝑞)𝑑𝑞
∞

𝑏
,    𝑃𝑚 = ∫ 𝑝1(𝑞)𝑑𝑞

𝑏

−∞
                             (3.25) 

A likelihood ratio 𝐿(𝑞) =
𝑝1(𝑞)

𝑝0(𝑞)
 can also be used as a performance measurement of the decision 

rule, again based on the Neyman-Pearson criteria described above, with 𝜑(𝑞) swapped with the 

likelihood ratio 𝐿(𝑞). 
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Chapter 4 
 

Friction behaviour monitoring 

 

The previous chapters introduced the basic principles of tightening and FDI methods. This 

chapter focuses on monitoring methods used in order to observe the friction parameter in 

rotational models. 

In general, friction can be defined as the tangential reaction force between two surfaces in 

contact. It should be noted that friction is not a fundamental force acting on a body or a system, 

but the product of complex interactions between contacting surfaces. Since this phenomena is 

observed all the way down to a nanoscale perspective, it makes it difficult to describe friction 

using physical principles. 

 

4.1 Overview of different friction models 

 

Many different friction models have been proposed throughout the years, mainly due to the fact 

that friction behaviour monitoring is a fundamental feature for a control model of a mechanical 

system. Depending on the complexity of the system, friction can be model either as a simple 

static model, or as a more complicated dynamic friction model.  

The most important friction characteristics are usually described by plotting different friction 

levels as a function of velocity. These plots are referred to as friction curves, and build the basis 

of tribology, the study of phenomena which take place while different surfaces interact with 

one another in relative motion, i.e. friction, lubrication and wear.  

A brief description of some common friction models is presented below. 

 

4.1.1 Static Friction models 

In cases where the need of a high integrity model is not necessary, static friction models are 

used. Such models are not causal, since the friction can assume many different values at zero 

velocity. This discontinuity around zero is the main point of investigation in static friction 
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models, while investigating positive and negative velocity values simultaneously. Some basic 

static models are: 

- Coulomb friction: in this model, friction depends only of the direction of the velocity 

vector, and is independent of its magnitude. This yields a friction curve with a constant 

value for negative and positive velocity values, with discontinuity around zero velocity. 

- Viscous friction: in this model, friction is proportionally related to the velocity vector, 

thus resulting in a linear curve for negative and positive velocity values, with 

discontinuity around zero velocity. 

- Static friction: a force or torque is applied in order to initiate motion from a resting 

position. This “escape” force is generally higher than the coulomb friction, resulting in 

a friction curve similar to the viscous friction model, with an increased friction force 

value around zero velocity. 

- Stribeck friction: when a fluid lubrication is applied between the surfaces, a 

phenomenon that results in a decreasing friction with increasing velocity at low velocity 

values is observed [16]. This nonlinear behaviour from low to high velocity values is 

commonly referred to as the Stribeck effect, and appears mainly in robot joints or 

assemblies using lubricants as a separation layer between the surfaces. 

 

Figure 4.1:  Plots of various static friction models. 

 

Since the Stribeck friction is a combination of all the above-mentioned friction models, it is 

interesting to observe its friction curve in further detail. An example of a one-sided Stribeck 

friction curve is presented in Figure 4.2. 
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Figure 4.2: A Stribeck friction curve, with the 3 zones, boundary lubrication (BL), mixed 

lubrication (ML), elasto-hydrodynamic lubrication (EHL) defined in varying speed levels. 

 

It can be observed that there are 3 different regions constituting the friction curve. The 

boundaries of these regions are based on the lubrication regime.  

The first region is called the boundary lubrication (BL), and describes the phenomena occurring 

at low velocity values. The behaviour of the curve is the result of the interactions between the 

asperities of the surfaces in contact. 

The second region is called the mixed lubrication (ML), and describes the phenomena occurring 

while the velocity steadily increases. The behaviour of the curve is the result of a consequent 

increase of the lubricant layer between the surfaces, since the value of contact friction decreases. 

This makes sense, since under very slow sliding, metal-to-metal contact occurs easily. 

The third region is called the elasto-hydrodynamic lubrication (EHL), and describes the 

phenomena occurring when a full lubrication profile is reached. In this area, the surfaces are 

completely separated by the lubricant. The behaviour of the curve can be described as linear, 

and is due to the fact that friction is proportional to the force required to shear the lubrication 

layer. It is therefore dependent mainly on the lubrication properties, such as the viscosity factor. 

Since the contact friction is significant at low velocity values, mainly in BL and ML, the wear 

effects are mostly relevant in those two regions. Even under ideal conditions where wear is 

theoretically minimal, e.g. in a full-film lubrication, there is still some effects occurring due to 

the eventual breakdowns of the layer. In the case of industrial robots, where gear boxes are 

used, the components near the output tend to move slower compared to the ones near the input 

[16]  . This is due to the high gear ratio of the design. Hence, it is also possible for wear to occur 

in the EHL region at a component level. 
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4.1.2  Dynamic Friction models 

Demands for the design of servo motors with high precision have led to an increased interest in 

dynamic friction models within the industry. Furthermore, new advances in technology make 

it feasible to design hardware-based friction compensators, thus constituting the need of 

dynamic friction models a necessity. Some basic dynamic friction models are: 

- Bliman-Sorine: a second-order model using two Dahl models connected in parallel, 

resulting in 4 different parameters. It has the ability to model the phenomena appearing 

in all of the static friction models mentioned above, with the exception of the Stribeck 

friction model. It is limited to modelling only the pre-sliding displacement of the 

dynamic friction phenomena. 

- LuGre: a first order Dahl model with 6 different parameters, commonly used to model 

the complex nature of friction in a robot joint. A velocity-varying coefficient describes 

the static friction required to enable relative motion of stationary objects in contact, 

commonly referred to as stiction. The LuGre model also describes the Stribeck effect, 

as well as the rate dependent friction phenomena, e.g. varying escape force, frictional 

lag. It is the most complete model of friction up to date, and the most demanding one to 

implement, since it requires the estimation of many different parameters at once [4]  . 

Most engineering applications usually require only the use of a static friction model, since 

experimental results have shown that actual friction forces can be approximated with 90% 

confidence level using just a well-defined static friction model [15]  . A summary of all the 

friction models presented above with the number of parameters involved in each one is shown 

in Table 4.1. 

 

 Coulomb 

model 

Coulomb & 

Viscous 

model 

Coulomb, 

Viscous & 

Static model 

Coulomb, 

Viscous, Static & 

Stribeck model 

Dahl 

model 

Bliman-

Sorine 

model 

LuGre 

model 

Static friction 

phenomena 

 

Coulomb friction X X X X X X X 

Viscous friction  X X X  X X 

Static friction   X X  X X 

Stribeck friction    X   X 

Dynamic 

friction 

phenomena 

 

Pre-sliding 

displacement 

    X X X 

Varying break-

away force 

      X 

Frictional lag       X 

Total 

parameters 

1 2 3 ≥4 2 4 6 

 

Table 4.1:  A summary of the static and dynamic friction phenomena, and the number of 

parameters involved in each of the friction models. 
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4.2 Monitoring methods in tightening 

 

In the assembly industry, monitoring methods for the tightening process are used in order to 

separate bad assemblies from good. Due to the fact that monitoring does not necessarily affect 

the production capability, a compromise is usually reached in the analysis phase by starting off 

with wide limits and narrowing them down through trial and error. The worst approach is of 

course to start with complete lack of knowledge of the joint being studied. 

The biggest difference with control methods in tightening, is the fact that general knowledge of 

joint defects is largely lacking, therefore establishing a weak theoretical background for the 

methods to be based on. Monitoring is of course affected by the control strategy being used, 

e.g. in torque control, the final torque value reveals how the control device was operating, while 

the angle value reveals information about the joint behaviour. On the contrary, in angle control, 

the final torque value reveals instead information about the behaviour of the joint, while the 

angle value reveals how the control device was operating. Therefore, the tightening control 

strategy should also be known when performing monitoring, in addition to the type of joint 

being tightened.   

A couple of different monitoring methods are described in this section. In all methods, the 

torque-angle curve is of interest, since it provides the most information regarding tightening. 

 

4.2.1  Torque monitoring 

In torque monitoring, the value of torque is used as the sole monitoring parameter. It indicates 

whether the capacity of the tightening tool is sufficient in order to meet the shut-off criteria. It 

also indicates whether repeatability of the applied torque lies within acceptable boundaries. The 

case of torque monitoring is shown in Figure 4.3. 

 

 

Figure 4.3:  Torque monitoring. 
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4.2.2  Torque-Angle monitoring  

In torque-angle monitoring, the tightening angle is also added to the torque monitoring method 

described above. This parameter provides additional information regarding how the joint 

performs during the tightening process. 

 

Figure 4.4:  Torque-angle monitoring. 

 

In Figure 4.4, the angle window corresponds to the monitoring interval of the angle. Curve A 

corresponds to normal tightening outputting an acceptable tightening, since the final torque lies 

within accepted tolerances. Curve B corresponds to the case where a defective thread is used, 

thus resulting in a torque-angle specification lying outside the monitoring interval. Curve C 

corresponds to the case where a screw of lower strength is used, resulting in a final torque value 

still within acceptable tolerance, while indicating an angular difference. The tightening is still 

considered acceptable, yet the screw strength level difference is also revealed. 

 

4.2.3 Torque rate monitoring  

By observing the torque rate, low-grade bolts from higher grade bolts can be distinguished. In 

this method, the torque rate is used in order to compare the torque value after a specific 

tightening angle, or inversely the angle value after applying a specific torque. This process can 

be repeated several times during the same tightening process, with different angle windows. It 

is mainly used in order to detect joints with exceptional friction. 
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Figure 4.5:  Torque rate monitoring. 

 

In Figure 4.5, curve A corresponds to tightening of a normal joint, while curve C corresponds 

to tightening of a low-grade bolt, with a strength level of lower value. 

 

4.2.4 Deviation monitoring  

By measuring the torque during every degree of rotation, which is commonly referred to as 

deviation monitoring, a continuous monitoring of the tightening process can be achieved. This 

method allows for tracing whether the curve deviates from the ideal straight line beyond the 

stated limit values. This phenomenon occurs, for instance, in the case a foreign body is present 

between the joint surfaces, or when the parts are not accurately fitted together. 

 

Figure 4.6:  Deviation monitoring. 

 



 

45 
 

In Figure 4.6, curve A corresponds to a tightening with ideal contact between the surfaces, while 

curve D corresponds to a tightening where a foreign body lies between the surfaces in contact. 

Curve D lies outside the tolerance level, thus resulting in a non-ideal tightening. 

 

4.2.5 Combined monitoring 

All the above mentioned methods are normally combined and applied together simultaneously 

during a tightening control strategy. Figure 4.7 illustrates how these monitoring methods 

support each other in order to detect bad assemblies when a torque-angle control method is 

applied to a certain bolt. 

 

Figure 4.7:  Combined monitoring using torque-angle tightening strategy. 

 

When a signal indicating a bad tightening is initiated, it implies that the joint has not been 

accepted and some sort of fault analysis needs to be conducted. This information is mainly used 

in order to adjust, or replace the rejected joint. It can also be used to refer to the earlier stages 

in the production in order to help raise quality requirements in different processes, e.g. tapping 

holes, heat or surface treatment of bolt materials etc. Thus, future product quality can be 

improved. 
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4.3 The nut factor approach 

 

It is sometimes useful in certain applications to use the short-form equation of the torque-

preload force relationship describing tightening. This equation, previously referred to in section 

2.2.2, reduces the amount of terms involved in the study process by integrating the geometric, 

frictional and material effects all in one approximated constant, the “nut factor”. Comparing 

Eq. 2.2 to the short form equation 𝑇𝑖𝑛 = 𝐹𝑑𝐾, with the nut factor given by Eq. 2.4, the following 

expression is obtained (change β to 60 ̊ ). 

                                                       𝐾 =
1

𝑑
(0.16𝑃 + 0.58𝑑2𝜇𝑡ℎ +

𝐷𝑏𝜇𝑏

2
)                                       (4.1) 

It should be noted that the nut factor is only a dimensionless, general-purpose, experiment 

constant, and must not be confused as a coefficient of friction. The approximation of the nut 

factor is the result of repeated experimentation on the same type of threaded bolt and 

assemblies, and ought to be recalculated for every new application. By applying a certain 

amount of torque to a bolt and measuring the clamping force generated, it enables for 

observation of the torque force factor, i.e. the ratio T/F, which yields an approximation of the 

nut factor: 

                                                                       
𝑇𝑖𝑛

𝐹
= 𝑑𝐾                                                          (4.2) 

Since K includes anything that affects the torque-force relationship (e.g. friction, bending, 

torsion, plastic deformation of threads, etc.), accurate prediction is determined after performing 

a series of experiments and then determining the mean and standard deviation of the 

proliferation of the results. In order to better understand this process, a histogram with the 

variations of the nut factor as reported in steel bolts after a monthly computerized search on the 

maintenance and construction sites [11]   is presented in Figure 4.8. 

 

 

Figure 4.8:  Histogram of K values reported for as-received steel bolts from the research 

company in [11]  . 
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The probability distribution of the nut factor taking specific values can be observed, with a 

mean of 0.199 and a standard deviation of 0.05 according to the recorded data. With a 3-sigma 

test (plus or minus 3 standard deviations), the nut factor is approximated within the interval 

[0.15, 0.25]. Statistical tables usually approximate the nut factor cited for steel at 0.2 value 

(search the internet and insert a reference here).  

By combining the long-form equation with the short-form equation, thus obtaining Eq. 4.2, it 

becomes mathematically possible to relate the friction coefficients and bolt geometry to the 

approximated value of the nut factor. From a mathematical standpoint, this approach enables 

for an estimation of the friction coefficients given the geometry of a particular bolt. In fact, a 

lot of specification tables approximate the friction coefficients this way. However, by treating 

the nut factor not as an experimental constant describing the torque-force relationship, but as a 

mathematical expression, pretty much defies the purpose of its usefulness. The biggest issue is 

the fact that the short-form equation is basically turned into a quick long-form equation which 

in practice cannot be solved, thus implying that since the latter cannot be solved, then the former 

cannot be solved neither. Results might be mathematically obtained, but their interpretation 

probably differs.  

Since a lot of test laboratories and lubricant manufactures are generally interested in the friction 

coefficient as a whole, and not a specific friction coefficient like in threaded bolts, they tend to 

report their test results in terms of friction instead of nut factor. This usually occurs either using 

the long-form equation (Eq. 2.2) as described above, or the following thumb rule [11]  : 

“The nut factor is approximately equal to the friction coefficient plus 0.04” 

For instance, given a thread with a steel-on-steel friction coefficient of 0.14, the nut factor of a 

bolt using this particular thread would have a nut factor approximated around 0.18. It should be 

noted that this is still an approximation, since the nut factor is the result of many other factors 

in addiction to friction that affect the thread for a given application. Examples of friction 

coefficient variances for different materials are shown in Table 4.2. 

 

Bolt Bearing surface Internal Threads Friction coefficient 

Surface 

treatment 

Material Surface 

treatment 

Material Surface 

treatment 

Average Standard 

deviation 

Coefficient of 

variation 

 

 

 

Galvanized 

Sheet steel Painted Steel Galvanized 0.290 0.0238 0.082 

Spring 

washer 

Galvanized Steel Galvanized 0.193 0.0239 0.124 

Coining 

steel 

None Steel Galvanized 0.271 0.0133 0.049 

Spring 

steel 

Galvanized Steel Galvanized 0.291 0.0415 0.142 

 

 

 

Heat 

treated 

Steel None Steel None 0.164 0.0183 0.112 

Hard plain 

washer 

None Cast iron None 0.135 0.0123 0.091 

Hard plain 

washer 

None Cast iron None 0.144 0.0174 0.0121 

Hard plain 

washer 

None Cast iron None 0.148 0.0134 0.090 
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Cast iron None Cast iron None 0.097 0.0062 0.064 

Galvanized Cast iron None Cast iron None 0.124 0.0098 0.079 

Cast iron None Steel None 0.143 0.0152 0.106 

 

Table 4.2:  Different cases of friction coefficient variances for different materials [8]  . 

 

In recent times, emerging ultrasonic techniques allow for on-site measurements of the nut 

factor, which is probably going to increase the usefulness of the short-form equation more than 

its current status. However, this topic is not going to be discussed here, since it lies outside the 

scope of the report. 

 

 

4.4 Torque rate approach  

 

As described in section 4.2.3 above, it is possible to monitor the torque rate within specified 

angle intervals, in order to observe the friction behaviour and detect joints with exceptional 

friction variations. This method is based on the linear relation between the clamping force and 

the turning angle during the elastic clamping (3rd phase) region of the tightening process.  

                                                                    𝐹 = 𝛼𝑘𝑐                                                             (4.3) 

where α is the angle and 𝑘𝑐 is the proportional constant of the relation. 

 

Figure 4.9:  Angle of turn is proportional to clamping force. 

 

Similarly to how observing the torque-force factor in Eq. 4.2 yields the nut factor, as described 

in section 4.3 above, one can now instead observe the torque-angle relationship to get an 

estimate on the friction behavior during a tightening process. 

                                                     𝑇𝑖𝑛 = 𝐹(𝐶𝑔 + 𝐶(𝜇𝑡ℎ) + 𝐶(𝜇𝑏))                                       (4.4) 

The reduced form becomes:     
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                                                               𝑇 = 𝐹 𝐶𝑡𝑜𝑡(𝜇𝑡𝑜𝑡)                                                    (4.5) 

The torque-angle relationship, alternatively referred to as the torque rate, can be observed as: 

                                                               
𝑇

𝛼
= 𝑘𝑐𝐶𝑡𝑜𝑡(𝜇𝑡𝑜𝑡)                                                    (4.6) 

This method is particularly useful for electric tightening tools with integrated torque and angle 

transducers, since these are the only parameters necessary for the estimation of the torque rate. 

An ideal observer of the torque rate yields a behaviour similar to the torque-force ratio, with a 

proportional difference due to the multiplicative constant kc. The only constraints are the noise 

disturbances on the measured signals through the transmission channels, i.e. on the torque and 

angle signals. Moreover, filtering operations to reduce the effect of noise bias are another factor 

that affects the estimation of the torque rate. In comparison, the torque-force observation used 

in the calculation of the nut factor above requires the use of an additional external force 

transducer, since no tools have integrated force transducers. The main reason for this is the fact 

that force measurement needs to be conducted around the area of the joint, using threaded bolts 

with fixed force transducers as test rigs. Because of this requirement, a direct approach of 

observing the friction variations is only available through the torque rate estimation, unless of 

course the assembly is conducted in laboratory environment where such equipment is available, 

which is rarely the case in the industrial manufacturing field. 

 

4.5 Variables affecting the torque-force relationship  

 

All the above methods describe ways to monitor the tightening process and detect variations in 

the torque-force relationship. These methods concern mainly the degree of control that can be 

maintained during the tightening process, rather than the amount of input that goes into preload. 

Detecting a variation during a monitoring method is an indicator that something happened that 

triggered a variation of the torque-force relationship. However, identifying the variable which 

triggered this variation, at least in the case of friction, is virtually impossible. The reason is 

explained in section 4.5.1 below. Things become even more complicated since the torque-force 

variations might not necessarily be only friction related, but due to other factors related to the 

amount of control a user has over the operation. 

 

4.5.1  Variables affecting friction 

The reason behind the fact that friction variations are almost impossible to predict, is because 

there are as many as 30 to 40 different variables that affect friction in a threaded bolts [11]  . 

This constitutes the friction parameter difficult to control and almost impossible to predict. 

Some of the many factors affecting the friction parameter during tightening are: 

- The types of materials 

- The hardness of the parts 



 

50 
 

- Surface coating, its type and condition 

- The thickness, type of platting, and its condition, if one is present 

- The method of application, contamination, amount and type of any lubricants involved 

- Temperature 

- Speed of tightening 

- Clearance of the hole 

- Pressure of surfaces in contact 

- The fit between the threads 

- Type of threads, cut or rolled 

- Presence or absence of washers 

All these factors can affect friction, and therefore the amount of clamping force required to keep 

the fastening parts together. Some of these factors can be controlled to some degree, yet 

complete control over them is impossible. 

 

4.5.2 Other problems 

In addition to the above mentioned variables, there are also a couple of other problems that 

affect the torque-force relationship not necessarily related to friction, which might trigger a 

detection during the monitoring process. These include: 

- Operator influence 

- Geometry of the threaded bolt and assembly 

- Accuracy of the tool – calibration and noise bias 

- Relaxation 

It is important to be able to identify whether one of these parameters is an indicator of a torque-

force variation, when one is observing friction variations. This identification process stems 

mainly through experience, and long-term experimentation. If a certain response pattern is 

observed in many different tests during the enforced trigger of one of these parameters, then a 

process of false identification can be trained into the friction detection system in order to treat 

these types of faults as outliers. 
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Chapter 5 
 

Experimental procedure 

 

In this chapter, the experimental setup of obtaining measurements in order to implement a fault 

detection scheme is described. The setup consists of a test rig which uses threaded bolts, 

tightening tools, and measurement instruments (e.g. transducers, recording tools) in order to 

perform experiments and record data. The recorded data is then transferred to a software-based 

interface (e.g. control tool unit, computer) which implements the detection algorithm and the 

model of the system. Post-processing and investigation of different parameters can therefore be 

conducted with ease on a computer. 

 

5.1 Measurements extraction setup 

 

The signals required for the friction behaviour monitoring are mainly the torque applied and 

the tightening angle. Both signals can be measured directly using the integrated inline 

transducers on the tightening tool. Other signals, such as the voltage and current applied to the 

motor, or the tightening speed, can also be directly measured in the tightening tool. For further 

control and evaluation purposes, extra signals were extracted, such as the clamping force and 

the torque-force factor, using a force transducer on the threaded bolt. Using signals obtained 

both from a CAN bus as well as from the inline transducers, the filtering effects of the channels 

could be investigated, so an appropriate choice of input signals could be chosen for the change 

detection system. 

 

5.1.1 Tightening tool and control unit 

The type of tool used for the measurements is an electric nutrunner model STR61-30-10, with 

a gear ratio of approximately 1:30. Such a high ratio is achieved by using a planetary gear 

component, allowing for a high increase in angular velocity. The specifications of the tightening 

tool are found in Table 5.1. A demonstration of the planetary gear and the gear ratio can be seen 

in Figure 5.1. 
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Model CS 

distance 

[mm] 

Length 

[mm] 

Gear ratio Speed 

[rpm] 

Torque 

range 

[Nm] 

Weight 

[kg] 

ETV 

STR61-

30-10 

15.5 441 32.8 1220 7-35 1.4 

 

Table 5.1: Specifications of the tightening tool. 

 

 

Figure 5.1:  A demonstration of the gear ratio, and the relationship between the angular 

velocities. In the case of the planetary gear, 3 planet gears, together with a ring gear (around) 

and a sun gear (middle) contribute to a much higher increase in angular velocity (typical ratio 

1:30). 

 

As it can be observed in the table, the tool is capable of reaching torque levels of 35 Nm with a 

maximum tightening speed of 1220 rpm. The tightening tool is connected to a control unit called 

Power Focus 6000 (PF6) with a tensor STR cable, which supplies the tool with electrical power. 

The PF6 is essentially a controller with enhanced error-proofing, connectivity and flexibility. It 

was the first controller that introduced software ergonomics to the industry, and this feat 

awarded it with the Red Dot design award in 2012 [3]  . 

A virtual station on the PF6 provides a visual display of the torque-angle signature of the 

tightening process, allowing for a user-friendly setup of the parameters in order to perform a 

certain tightening strategy. An intelligent application module (IAM) can be connected or 

disconnected to the control unit, allowing for a quick switch between different software 

versions. Measurements could be initially conducted using an older software configuration 

version of the HDT strategy, and later with an upgraded version which allowed for a decreased 

overshoot of the step impulse of the applied torque. Figure 5.2 shows a visual of the components 

described above. 
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Figure 5.2:  (left) The IAM in the PF6, (middle) Dimensions of PF6, (right) Cable for tool 

connection to the PF6 [17]. 

 

The control unit can communicate with an external device via WLAN, Bluetooth 2.1 or a 

10/100 Mb/s Ethernet cable (RJ-45 connector). Thus, a connection via an Ethernet cable was 

established between the computer and PF6, which allowed for data transfer directly on the 

computer after a tightening test. Processing of data on a computer is available using a certain 

software called PXTV, which allows for different recording triggers, signal filtering, as well as 

exportation of data in .mat or .xls form. An oscilloscope allows for further validation of the 

quality of data before extraction. 

 

5.1.2  External transducers and CAN bus 

At the same time, a Dewe43-A data acquisition unit allows for external transducers, e.g. the 

force (or tension) transducer, to record the analog or digital measurement signals and then 

establishing a CAN bus to transfer them to the computer via a USB connection cable. 

    

Figure 5.3:  Connecting the DAQ unit to a computer, and observing the signals using the 

Dewesoft X data acquisition software [18]  . 
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Data is available both synchronously and asynchronously, with separate time signals allowing 

for interpolation of the parameters during the post-processing phase. The channels from 

Dewe43-A can be sampled synchronously with a sampling rate of up to 10 kHz at 24 bit 

resolution. A general tactic is to use high sampling frequency for a larger number of data points, 

which allows for more precise measurements. Matching the sampling frequency of PF6 and 

Dewe43-A further allows for reduced sampling bias during the evaluation phase, since all the 

measured variable data is extracted at the same time interval. A software called Dewesoft X 

allows for post-processing of data, filtering operations, and real time oscilloscope observation 

of signals on a computer. 

 

5.1.3 Calibration and accuracy 

In order to ensure reliability of the measurements, calibration of the instruments and transducers 

involved needs to be performed. The tightening tool STR61-30-10 can be manually calibrated 

using a manual torque wrench in order to check the torque value after a tightening and then 

adjusting the reference on the tool to match the measured value. The same procedure can be 

conducted in order to evaluate that the torque value extracted from the Dewe43-A channel 

matches the tool value. 

The transducer used to measure the torque and angle values from the Dewe43-A channel is a 

STB Tensor model 75A-10 by Atlas Copco, with a 350 Ohms 2 mV/V Wheatstone bridge, 75 

Nm range, recently calibrated before conducting the tightening tests. Its next calibration date is 

due on 9/2017. The angle is measured using a light-based rotary quadrature encoder with a 2 

degree accuracy, while torque is measured via a strain gauge. 

The joint used on the test rig has a force transducer which is strain gauge based, and is capable 

of measuring forces up to 100 kN. At the same time, the bolts used for tightening are M8 × 8.8 

as defined on Chapter 2. They are 130 mm long, with a clamping length of 115 mm and a head 

length of 15 mm. All nuts and washers are zinc plated, carefully cleaned and lubricated before 

setting up the test rig, in order to reduce the wearing impacts and ensure they do not rotate along 

the bolt head. 

According to the calibration report for the transducer components, the measurement offset value 

is set within the margin of 0.15 % uncertainty. This value can be assumed small enough to 

ensure a valid data analysis and conclusions. More details regarding the calibration report can 

be found on Appendix B. 

 

5.2 Signal channels and filtering operations 

 

The signals obtained from the CAN bus and the inline transducers have some observed 

differences. These variations depend mainly on the following factors: 
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- Noise signals on the different channels 

- Filtering operations applied on the raw signals 

- Channel delays 

- Sampling frequency 

- Data triggering (synchronous/asynchronous) 

The effects and the forms of the filters that can be applied to the signals, as well as the 

conversions required to read a data value in physical dimensions, are presented in this section. 

 

5.2.1  DAQ signals 

The data acquisition unit Dewe43-A records the force, torque and angle signals, as well as other 

signals from the CAN bus (like speed, voltage, or current concerning the motor of the tightening 

tool), and samples them synchronously with  a frequency up to 10 kHz. During the experimental 

setup, the sampling frequency was set to 5 kHz. 

Since the raw signals are noise-biased, the software Dewesoft X allows for filtering operations 

to be applied, in order to reduce the noise variations, as well as smoothen out potential false 

peak values. The standard noise reduction filter applied in a Dewe43-A channel is a Butterworth 

filter, with a great variety of parameter adjustments to fit the desired functionality. 

 

5.2.2  Butterworth filter 

The raw torque signal from the Dewe43-A channel is subjected to a filtering application using 

a Butterworth filter of order 3. The filter is designed as a low pass filter, with a low frequency 

of 2000 Hz and a high frequency of 500 Hz. The transfer function of the filter is: 

                                                𝐻(𝑠) =
𝑉0(𝑠)

𝑉𝑖(𝑠)
=

1

1+2𝑠+2𝑠2+𝑠3                                                   (5.1) 

By using basic operations from complex analysis, the quadratic amplitude becomes: 

                                     𝐺2(𝜔) = |𝐻(𝑖𝜔)|2 = 𝐻(𝑖𝜔)𝐻∗(𝑖𝜔) =
1

1+𝜔6
                                  (5.2) 

thus yielding the gain and phase of the filter as follows: 

                                               𝐺𝑎𝑖𝑛:  𝐺(𝜔) = |𝐻(𝑖𝜔)| =
1

√1+𝜔6
                                           (5.3) 

                                                 𝑃ℎ𝑎𝑠𝑒:   𝛷(𝜔) = arg (𝐻(𝑖𝜔))                                             (5.4) 

The filter coefficients are presented in Table 5.2, yielding a filter frequency response displayed 

in Figure 5.4. 
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Filter 

coefficients 

Section 1 Section 2 

a (input) b (recur.) a (input) b (recur.) 

z0 1 4.0777 1 13.55 

z-1 1 -2.0777 2 -16.944 

z-2 0 0 1 7.3945 

 

Table 5.2: The filter coefficients of the low pass Butterworth filter in Dewesoft X. 

  

Figure 5.4:  The frequency response and zero/pole placement of the of the low pass Butterworth 

filter in Dewesoft X. 

 

The poles of the 3rd order Butterworth filter are placed on the positive side of the real axis on 

the unit circle, and the zeros are places on the negative side, as can be seen in Figure 5.4 and 

Table 5.3. 

 

Zeros Poles 

-1 + 0i 0.625 + 0.393i 

-1 + 0i 0.509 + 0i 

-1 + 0i 0.625 - 0.393i 

 

Table 5.3: Specifications of the tightening tool. 

 

There is a group delay observed when the Butterworth filter is applied. This delay is defined as 

the derivative of the phase with respect to the angular frequency. It is a measure of distortion in 

the signal that is introduced by phase differences for different frequencies. One observable 

feature of the graph is the absence of ripples in the gain curve. A curve of the delay phenomenon 

can be seen in Figure 5.5. 
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Figure 5.5:  The delay in the signal when a Butterworth filter is applied. 

 

In general, a Butterworth filter yields the least gain ripple in either passband or stop band, while 

maintaining the lowest phase distortion or group delay. This is an important design trade-off, 

requiring higher order filtering in order to achieve a decent cut-off slope. 

 

5.2.3  Tool signals 

The signals measured from the integrated transducers on the tightening tool STR61-30-10 are 

the torque, angle and speed applied to the motor. These signals are the ones used as inputs on 

the fault detection algorithm. As described in Chapter 2, the control unit PF6 is connected to a 

computer via an Ethernet port, allowing for an oscilloscope on the computer to trigger the 

tightening process and measure data. A software program named PXTV is used on the computer 

in order to perform the recording task. The sampling frequency is set on 8 kHz, and the extracted 

signals are exported in .mat form for further processing in Matlab, where the FDI algorithm is 

implemented. 

Since the recorded values of the signals straight from the tool have no real meaning as is, a 

conversion process is required for each signal, in order to convert them to measurable units. 

The conversion process for each signal is presented in Table 5.4. 

Signal Conversion Units 

Time (t) < value > ∗ 1000 / 8000 ms 

Speed (v) < value > ∗ 1000 ∗ 60 / < gear ratio > / 16384 rpm 

Torque (T) < value > ∗ < calibration value > / 16384 Nm 

Angle (α) < value > ∗ 360 / < gear ratio > / 16384 deg 

 

Table 5.4: Conversion of the signals read at PXTV in more comprehensive units. The symbols 

∗ and / indicate multiplication and division. 
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Some things to note about Table 5.4: 

 < value > refers to the recorded value of the tool transducers. 

 214 = 16384. 

 < gear ratio > refers to the ratio of the planetary gear train between the motor and the 

tightening point, with a value of 32.8 for the STR61-30-10 tool. 

 < calibration value > refers to the reference value set on the STR61-30-10 tool during 

the calibration process, with  a value of 35.25 (Calibration date April 2017). 

 

5.3 Data analysis and aggregation 

 

In both measurement methods, i.e. the Dewe43-A channels and the PF6 channels, the recording 

software is set to trigger the third phase of the tightening interval (described in Chapter 2) when 

the torque value is higher than 3 Nm. During this phase, the torque-angle curve starts increasing 

relatively linearly, thus defining the tightening interval under investigation of variations. Within 

this interval, force is generated, with a linear relationship to the turning angle, until the target 

torque is reached and the tool terminates the tightening process. 

 

5.3.1 Filtering effects 

As mentioned in section 5.2.2 above, filtering operations are applied to the raw signals in order 

to reduce noise bias and smoothen out the curve form. Since the detection algorithm requires 

the signal as input, a decision is required on whether the signal should be used in its raw form, 

or the filtered form. On one hand, a raw signal contains all the information that can be obtained 

from a measurement, including channel noise and disturbances. On the other hand, this noise 

can have a big effect on the detection algorithm on the next phase, since the possibility of 

detecting noise variations as actual signal variations is relatively high. 

Using a filtered signal might in this case provide a better representation of the average signal in 

general, while smoothening out some false peak values. However, it greatly reduces the amount 

of information passed into the fault detection system, which might result in actual variations of 

the observed signal that have been filtered out or smoothened. Thus, a compromise needs to be 

decided for the trade-off between signal noise bias and detection performance. 

In order to investigate the effects of the Butterworth filter on the torque signal, a statistical 

analysis was conducted based on a number of tightening tests, by comparing the signal time 

and angle differences. The number of sampling tests on which the analysis is based on is around 

50, all on the same test rig and with the same tool adjustments. The HDT strategy was used. 

Graphs of the torque signals with respect to time and angle for the average of the tightening 

tests can be seen in Figure 5.6. 
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Figure 5.6:  Torque with respect to time and angle, for the unfiltered and filtered signals. 

 

Comparison between the signals yields a signal delay of 0.7 ms for the filtered torque signal. 

The corresponding angle delay is 1.2 degrees. Since it lies within the 2 degree uncertainty 

threshold, it can be considered an acceptable delay. Still, one can clearly observe a difference 

in the amount of noise bias between the signals. The filtered signal looks approximately linear, 

raising concerns on whether it should be used as input in the detection system without 

decreasing the quality of the performance. 

Regarding the signal noise, the measurement data without any tensile or shear load can be 

observed, in order to see the amount of noise the signal contains with no applied torque. A 

standard deviation of 0.037 Nm can be observed on the raw data signal. This deviation can be 

reduced up to 35.1 % when the Butterworth low pass filter is applied. The standard deviation 

for the filtered signal is 0.024 Nm instead. This yields that the noise level is relatively negligible, 

since the deviation lies within a 0.05 % threshold of the measured value. 

𝜎𝑓𝑖𝑙𝑡 = 0.649 𝜎𝑢𝑛𝑓𝑖𝑙𝑡 

 

Figure 5.7:  Torque signals without any load, demonstrating the noise level in the channel. 
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5.3.2  Channel delay 

At the same time, certain variations can also be observed on the CAN signals with respect to 

the inline signals. Thus, a similar analysis was conducted on the torque signals between the 

channels in order to make a good choice of signal input for the detection method. From the 

oscilloscope in Dewesoft X, a clear delay can be observed on the CAN signal, as high as 

approximately 1 ms. The difference in the angle signal is even higher, raising warnings of 

troublesome synching between the torque and angle signals, while estimating the torque rate on 

a later step. This constitutes a clear increase in uncertainty in case the choice of signals as inputs 

on the detection system come from the CAN bus. It should be noted, however, that the 

difference in amplitude between the CAN bus and inline torque signals is almost insignificant, 

and usually due to calibration offset with a value averaging really close to zero. A graph of the 

channel difference, i.e. the CAN signal minus the inline signal, can be seen in Figure 5.8. 

𝑚𝑒𝑎𝑛(𝛥𝛵) = 𝑚𝑒𝑎𝑛(𝑇𝐶𝐴𝑁 − 𝑇𝑖𝑛𝑙𝑖𝑛𝑒) = −0.148 𝑁𝑚 

 

 

Figure 5.8:  The difference between the inline and CAN torque signals. 

 

5.3.3  Conclusions 

Taking the above analysis into consideration, the choice of which measurement signals should 

be used as inputs on the detection system certainly lies in favour of the inline raw forms of the 

signals. On the next phase, where the torque and angle signals are to be used in order to estimate 

the torque rate, a sliding window method is to be performed in form of a moving average. 

Hence, a filtering method is therefore going to be applied on the signal, most likely resembling 

the form of a Savitzky-Golay smoothening filter. This further constitutes the choice of an 
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already filtered signal beforehand being unnecessary. If a filtering operation is expected to have 

an effect on the detection performance, then the less filtering used since the beginning, the better 

the probability of increased performance on the implemented detection system. 
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Chapter 6 
 

Detection scheme of friction variations 

 

After setting up an experimental Test-Bed and performing tightening measurements, a recursive 

software-based FDI method is applied using some of the measured signals as inputs (mainly 

the torque, angle and speed signals). The detection system outputs eventual detection points of 

potential friction variations, based on the implemented model of the system. It also reports a 

diagnosis report based on the predefined detection rule, stating which hypotheses were triggered 

during the tightening process. The detailed detection scheme of the implemented diagnosis 

algorithm is described in this chapter. 

 

6.1 System modelling  

 

The first step of the detection process is the choice of tightening model. The long form equation 

(Eq. 2.2) can be used in order to define the system under investigation. As described in section 

4.4, a torque rate approach is a promising method for a real time fault detection algorithm. By 

constructing an observer for the torque rate, and using the torque and angle signals as inputs, 

an estimator can be implemented, which can be an indicator of variations in the torque-force 

relationship during the elastic clamping (3rd phase) region of the tightening process. 

Therefore, Eq. 2.3 in its reduced form 𝑇 = 𝐹 𝐶𝑡𝑜𝑡(𝜇𝑡𝑜𝑡) yields a torque rate observer in the elastic 

clamping region as: 

                                                         𝑧�̂� = (
𝑑𝑇

𝑑𝛼
)𝑡 = 𝑘𝑐𝐶𝑡𝑜𝑡(𝜇𝑡𝑜𝑡)                                           (6.1) 

where the observer estimates the torque rate at each time step (or sampling point) using 

regression intervals in the angle signal. The method used here is a sliding window with variable 

window size on the angle interval, yielding a slope with less noise bias, since the sliding window 

recursively estimates the torque rate at time step i using a set of data points defined by the size 

w of the window, instead of a one-step recursive numerical derivation. The reason behind this 

choice is explained shortly in the next section. By observing the torque rate, one is therefore 

able to observe the parameter 𝐶𝑡𝑜𝑡(𝜇𝑡𝑜𝑡) which represents frictional variations on the thread 

and the underhead of the joint. 
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The detection model is designed according to the FDI procedure described in section 3.1. A 

detailed schematic of the process is depicted in Figure 6.1. 

 

 

Figure 6.1:  An overview of the fault diagnosis model. 

 

The input signals of the system are used for the torque rate estimator in the observer block. The 

sliding window method calculates not only the estimated signal, but also the mean and standard 

deviation, which are used both for evaluation purposes, as well as in the detector block during 

the next step.  

The CUSUM algorithm is used in the variations detection method. The choice is based on its 

ability to perform well in real time detection systems, as explained in section 3.4. Moreover, 

this method provides a time-independent indication of sequential changes in the signal content, 

based on discrete-time data points. Since the signals are synchronously extracted and sampled 

from the transducers, the input signals are ideal for an iterative algorithm. 

A threshold is used in the CUSUM algorithm in order to define the sensitivity of the variations. 

This threshold could for instance be the standard “3-sigma” test, using a threshold for values 

exceeding 3 standard deviations of the input signal. The detection points are then examined for 

a diagnosis report in the stopping rule block. Depending on the hypothesis test used, an alarm 

is triggered or not, and a diagnosis report is conducted. These steps are described in further 

detail in the following sections. 
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6.2 Parameter estimation  

 

The estimation of the torque rate occurs in the observer block of the detection scheme in Figure 

6.1. A sliding window is used, defined within a finite interval from i to i+w. This allows for 

capturing of the signal content within the window of interest, thus approximating the data point 

corresponding to time step i as a sum of all data points in [𝑡𝑖, 𝑡𝑖+𝑤] without the noise. The same 

process is used in order to estimate the average and standard deviation of the signal. Since the 

signal of interest is the slope of the torque-angle curve, the regression interval is therefore 

defined with sample points corresponding to certain a certain angle interval. 

 

6.2.1  Mean and standard deviation 

The average and standard deviation of the signal is defined within a different sample interval 

than the slope estimation. The main reason for this is the fact that when torque is close to the 

target torque at the end of the tightening, the torque rate tends to decline a little. Taking this 

tendency into consideration, the detection algorithm needs to be more sensitive for negative 

inclinations during the end of the tightening process. Since the tightening strategy slows down 

the process when the torque is close to the target torque, and considering the fact that friction 

tends to increase as speed decreases, higher probability for friction variations is to be expected 

at the final steps of the tightening. In order to not bias the system with the expected natural 

behaviour, the average values are calculated within an angular interval during the most linear 

middle phase of the elastic tightening process. 

In particular, a regression interval for the turning angle is defined. This interval is defined as an 

adaptive percentage increase of the starting point, and decrease from the ending point, 

according to the predefined 𝛥𝑎 ∈ [0,1]: 

                  𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 = 𝑠𝑡𝑎𝑟𝑡 𝑝𝑜𝑖𝑛𝑡 ∗ (1 + 𝛥𝑎) ≤ 𝑎𝑛𝑔𝑙𝑒 ≤ 𝑒𝑛𝑑 𝑝𝑜𝑖𝑛𝑡 ∗ (𝛥𝑎)            (6.2) 

For instance, defining the angle interval between 5 and 37 degrees and setting the angle span at 

0.75 (i.e. start point = 5, end point = 37, Δα = 0.75) yields a regression window between 9.11 

and 27.27 degrees. This example is graphically demonstrated on Figure 6.2 (sample test 13 in 

Appendix , Table C.1), both for the pre-filtered and unfiltered versions of the torque signals. 
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Figure 6.2:  Plot of the raw/filtered torque signals with regards to an angle regression interval 

between 9.11 and 27.27 degrees (marked in green). The average torque rate and standard 

deviation in this interval are: μ = 0.185 Nm/deg,  σ  = 0.0135 Nm/deg. 

 

6.2.2  Sliding window differentiation 

As mentioned above, the signals are synchronously extracted and sampled from the transducers 

according to predetermined triggering (e.g. start recording on the oscilloscope when the torque 

value is above 𝑇𝑟𝑒𝑓). The reason for using a sliding window with a set of data points instead of 

a numerical point iteration to estimate the torque rate is the noise bias of the input signals. The 

signal content within the time window w is independent of the prior history that precedes the 

time origin i, for any i in the data sequence. Hence, the sliding window approach provides 

history independence during the computation of the cumulative sum statistics on the next step 

for establishing significance criteria. This attribute is important for data sequences which are 

serially dependent, constituting for an unknown signal onset time assuming that no a-priori 

knowledge of what the signal is or when it starts is available. 

It is interesting to investigate the influence of the noise signal, when point iteration is used to 

estimate the torque rate. For a noisy signal, higher noise bias is to be expected for smaller 

window sizes. At the same time, larger window size results in a more smoothened signal, which 

could although affect the performance of the detection algorithm, if a change point indicator 

was filtered out. 

Let 𝑥1, 𝑥2, … be a set of observations. The data point at time step i can be defined as a moving 

average of the data set within the span length w, i.e. the sliding window. This average is defined 

as: 

                                                            𝑀𝑖 =
𝑥𝑖−𝑤+1+⋯+𝑥𝑖

𝑤
                                                       (6.3) 

The first w-1 observations are:  

                                                 𝑀𝑖 =
𝑥𝑖−𝑤+1+⋯+𝑥𝑖

𝑖
,    𝑖 = 1,2, … ,𝑤 − 1                                (6.4) 
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A window size is usually defined between 5 to 10 data points. Values defined outside this span 

usually constitute less sensitivity for trend detection. The variance of 𝑀𝑖 is: 

                                 𝑉𝑎𝑟(𝑀𝑖) =
1

𝑤2
∑ 𝑉𝑎𝑟(𝑖

𝑗=𝑖+𝑤+1 𝑥𝑗) =
1

𝑤2
∑ 𝜎2𝑖

𝑗=𝑖+𝑤+1 =
𝜎2

𝑤
                (6.5) 

where σ represents the standard deviations. Observe that the variance 𝑉𝑎𝑟(𝑀𝑖) is inversely 

proportional to the window length w. Therefore, the statistical criteria used in order to detect 

significant changes during the detection phase on the next step are also going to be inversely 

proportional to w. Of course, different sampling rates require different window lengths, so 

depending on the sampling frequency, the value of w can be defined. This can be conducted via 

statistical significance tests to the variance of the slope within the sliding window, in order to 

determine a threshold criterion for onset time of the signal that lies above the noise level [14]  . 

The case where a point iteration is used compared to a sliding window of size w = 10 is 

demonstrated in Figure 6.3. The size of this sliding window corresponds to an angular interval 

of length 5.94 degrees. 

  

Figure 6.3:  (left) Estimated torque rate signal using point iteration (w = 1), (right) Estimated 

torque rate signal using a sliding window (w = 10). 

 

The cases of using both a raw input signal, as well as a pre-filtered signal with a Butterworth 

low pass filter are demonstrated. As expected, the point iteration has a large variance, resulting 

in a signal that is highly biased by noise. Point iteration yields a standard deviation of 0.38 for 

the raw torque signal, and 0.13 for the Butterworth filtered signal. On the other hand, a sliding 

torque rate with window length w = 10 yields a standard deviation of 0.01 for the raw torque 

signal, and 0.01 for the Butterworth filtered signal as well. Significant improvement can be 

observed for larger window size.  

Similar observations can be made with varying window lengths. Table 6.1 presents the effect 

on the estimated mean and standard deviation using varying window sizes. The window size 

(w) is expressed in sample points, while the mean (μ) and standard deviation (σ) are expressed 

in Nm/deg. 
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Window size 

(w) 

Estimated mean 

(μ) 

Estimated standard deviation 

(σ) 

5 0.1859 0.0452 

6 0.1858 0.0410 

7 0.1853 0.0292 

8 0.1852 0.0249 

9 0.1847 0.0161 

10 0.1846 0.0135 

11 0.1842 0.0101 

12 0.1840 0.0097 

13 0.1836 0.0096 

14 0.1834 0.0091 

15 0.1831 0.0085 

 

Table 6.1: Results of different window sizes with regards to the estimated torque rate signal. 

 

It can be observed that for a window size large than 10, the standard deviation of the signal 

drops below 0.01 %. Furthermore, a slowly declining mean value is observed as the window 

size increases. The reason for this behaviour is the fact that the declining torque rate at the end 

of the tightening has a larger influence on the mean value for a smoothened signal, compared 

to a noisy one.  

The estimated torque rate for both the raw and the filtered Butterworth signal for the cases 

where w = 5 and w = 15 respectively, are demonstrated in Figure 6.4. The applied torque has a 

declining behaviour when the applied torque approaches the target value, in which case a signal 

with a large sliding window has a larger influence on the calculated mean since there is less 

scattering throughout the rest of the process. This is an undesired result that should be taken 

into account when large window lengths are considered. 

 

Figure 6.4:  (left) Estimated torque rate signal using a window of size w = 5, (right) Estimated 

torque rate signal using a window of size w = 15. 
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Thus, a conclusion can be drawn regarding the size of the sliding window with regards to the 

noise bias and expected detection accuracy on tests performed on the measurement data: 

-  𝑤 ↑ ⇒ ↓ 𝑛𝑜𝑖𝑠𝑒 & ↓ 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 :  A wide window yields reduced standard deviation σ to 

the estimated signal. The size varies depending on the initial form of the signal, but a 

good compromise is a value w between 7-12 sample points. It should be noted though 

that window sizes larger than 13 might result in a less sensitive detector, since potential 

small variations might be filtered out, and thus not be detected. 

- 𝑤 ↓ ⇒ ↑ 𝑛𝑜𝑖𝑠𝑒 & ↑↓ 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 :  For small window sizes, the opposite from the above 

holds in the case of noise. However, there is always a high uncertainty when it comes 

to the accuracy of the detector. With a low sensitivity value 𝑚𝑠ℎ𝑖𝑓𝑡 (mentioned later in 

section 6.3.1) on the detector, accuracy might be able to deal with the noise variations 

while still detecting large change point detections. It is a method that only performs well 

with certain tightening tests, and could not be generalized for all tightening tests. Thus, 

no concrete conclusions can be drawn with regards to its generalization. 

Different angle regression intervals of the torque rate calculation for different window sizes and 

sampling frequencies are presented in Table 6.2. 

 

Window size 

(w) 

Sampling frequency 

(𝒇𝒔) 

Angle regression interval length 

Interval: [𝜶𝒍𝒐𝒘, 𝜶𝒉𝒊𝒈𝒉]    

Length: (𝜶𝒉𝒊𝒈𝒉 − 𝜶𝒍𝒐𝒘) 

5 5 kHz 2.57 

8 kHz 0.70 

10 5 kHz 5.94 

8 kHz 1.58 

15 5 kHz 9.11 

8 kHz 2.50 

20 5 kHz 12.39 

8 kHz 3.44 

30 5 kHz 18.58 

8 kHz 5.43 

 

Table 6.2: Results of different window sizes with regards to the sampling frequency (𝑓𝑠) of the 

signals. 

 

It can be observed from the table that increasing the sampling frequency (𝑓𝑠) requires an 

increase in the sliding window size (𝑤), in order to yield the same angle regression interval for 

the torque rate estimation. The following conclusions can be drawn: 

- 𝑓𝑠 ↑ ⇒ ↑ 𝑤 :  Using a higher sampling frequency means that the same time interval 

includes more points. In that case, a higher window size is necessary. For a sampling 
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frequency of 8 kHz, a time window 3 times as large as the one used for 5 kHz is required 

in order to ensure a similar angle interval. 

- 𝑓𝑠 ↔ 𝑤 :  It was observed that performing measurements with data sampled at 5 kHz 

and 8 kHz yields no difference in the estimated signal for a window size of 10 sample 

points (in terms of μ and σ). Therefore, 𝑤 = 10 can be considered a good choice of 

window for sampling frequencies between 5-8 kHz. 

 

6.2.3 Residuals generation 

The residuals are typically defined as the difference between a measured, or estimated, signal 

value, and the average value of the signal. In this case, the residuals are defined as follows: 

Residuals = “estimated torque rate value at i” – “estimated average torque rate” 

These values, along with a control limit and a mean shift parameter defining the sensitivity of 

the CUSUM algorithm on the detection step, can be used in order to detect significant variations 

and running a diagnosis on them to output a status message on whether an alarm is triggered. 

 

6.3 Detection algorithm  

 

After the estimation of the parameters is performed by the observer, the next step of the 

diagnosis model is the detection of variations. As mentioned earlier in section 6.1, the CUSUM 

algorithm is used as a detector, since it can be applied to any arbitrary data sequences with any 

time origin, without depending on the current time origin. Only the window length of the sliding 

window affects the signal. 

 

6.3.1 CUSUM algorithm 

The CUSUM algorithm uses the estimated torque rate signal as the input undergoing the 

detection test. The mean and standard deviation are also used for the iterative calculation of the 

cumulative sums. Two other parameters, namely the control limit and the mean shift, are used 

in order to define the detection sensitivity of the CUSUM charts.  

The control limit (𝑐𝑙𝑖𝑚) is a real scalar expressed in standard deviations, defining the robustness 

of the detector. If the cumulative sum exceed the threshold defined by 𝑐𝑙𝑖𝑚𝜎, then the sample 

point is marked as an indicator of a detection. In other words, the control limit defines the border 

lines inside which the sum should be residing so that no variations are detected. Low control 

limit values yield smaller interval of stability, and large values yield larger interval. Depending 

on noise bias and the desired sensitivity of the detector, the control limit is defined accordingly. 

In most cases, however, the “3-sigma” or “5-sigma” test is used for increased robustness, 

corresponding to a control limit of 3 and 5 respectively. 
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The other parameter, mean shift (𝑚𝑠ℎ𝑖𝑓𝑡), is a real scalar also expressed in standard deviations, 

defining the minimum mean shift value (i.e. the gradient difference between two successive 

iteration points) that allows for an increase or decrease in the cumulative sum. In other words, 

the mean shift is the sensitivity of the generated sum to consecutive signal variations. A high 

value of the mean shift (e.g. higher than 7) implies that the cumulative sum is less sensitive to 

small inclinations, and a big variation needs to happen in order for the sum to have a significant 

change. At the same time, a low value of the mean shift (e.g. lower than 3) yields a very sensitive 

change point detection, which might even trigger detections on the noise signal variations. A 

compromise depending on the noise bias and the nature of the signal needs to be made while 

using the detection algorithm in a specific application. 

The input signals and their descriptions are presented in Table 6.3. 

 

Input parameters Description 

x input vector undergoing the CUSUM test 

control limit (𝑐𝑙𝑖𝑚) Control limit, specified as a real scalar expressed in 

standard deviations 

mean shift (𝑚𝑠ℎ𝑖𝑓𝑡) Minimum mean shift to detect, specified as a real scalar 

expressed in standard deviations 

target mean (𝜇𝑥) Target mean, specified as a real scalar. If not specified, it 

is estimated as the mean of the first 25 samples of x 

target standard deviation (𝜎𝑥) Target standard deviation, specified as a real scalar. If not 

specified, it is estimated as the standard deviation of the 

first 25 samples of x 

 

Table 6.3: The input parameters of the CUSUM algorithm, with descriptions of their usage 

and default values. 

 

 

The control chart is designed to detect small incremental changes in the mean of the process. 

Since there can be both positive and negative variations, two tests need to run in parallel. 

Thus, two cumulative sums, one upper and one lower are generated, indicating a significant 

increase or decrease from the mean respectively. Given a sequence 𝑥1, 𝑥2, … , 𝑥𝑛 with 

estimated average 𝜇𝑥 and estimated standard deviation 𝜎𝑥, the upper and lower sums are 

iteratively defined as follows. 

Upper sum 

                           𝑈𝑖 = {
0                                                                           𝑖 = 1

max (0, 𝑈𝑖−1 + 𝑥𝑖 − 𝜇𝑥 −
1

2
𝑚𝑠ℎ𝑖𝑓𝑡𝜎𝑥          𝑖 > 1                       (6.6) 

https://se.mathworks.com/help/signal/ref/cusum.html#inputarg_x
https://se.mathworks.com/help/signal/ref/cusum.html#inputarg_x
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Lower sum 

                            𝐿𝑖 = {
0                                                                           𝑖 = 1

min (0, 𝐿𝑖−1 + 𝑥𝑖 − 𝜇𝑥 +
1

2
𝑚𝑠ℎ𝑖𝑓𝑡𝜎𝑥          𝑖 > 1                         (6.7) 

The mean shift argument, 𝑚𝑠ℎ𝑖𝑓𝑡, is therefore the number of standard deviations from the 

target mean, which make a shift detectable. A process violates the CUSUM criterion at 

sample point 𝑥𝑗 if 𝑈𝑗 > 𝑐𝑙𝑖𝑚𝜎𝑥 or 𝐿𝑗 < −𝑐𝑙𝑖𝑚𝜎𝑥, where 𝑐𝑙𝑖𝑚 is the control limit. Note how 

either sum resets back to zero if successive points balance themselves out (e.g. in case of a 

static noise triggering small variations), thus improving the robustness of the detection 

algorithm. 

The output signals of the algorithm are lists representing the triggered detection points, which 

are return empty in case no detection occurs. The upper and lower cumulative sums are also 

outputted in vector form, allowing for plotting of the CUSUM chart. The output parameters 

along with their descriptions are presented in Table 6.4. 

 

Output parameters Description 

detected points (upper, lower) Out-of-control point indices, returned as integer scalars 

or vectors. If all signal samples are within the specified 

tolerance, then CUSUM returns empty upper and 

lower arguments 

cumulative sums (upper, lower) Upper and lower cumulative sums, returned as vectors 

 

Table 6.4: The output parameters of the CUSUM algorithm, with descriptions of their usage 

and default values. 

 

In its recursive form, the algorithm can be simply described by the formula: 

                                                  𝑆[𝑘] = 𝑆[𝑘 − 1] + 𝑠[𝑘]                                                      (6.8) 

where the term 𝑠[𝑘] is defined as follows, with the ± signs defining the upper or lower sums.  

                                                𝑠[𝑘] = 𝑥[𝑘] − �̅� ±
1

2
𝑚𝑠ℎ𝑖𝑓𝑡𝜎𝑥                                               (6.9) 

For a one-way test, e.g. the case of a positive detection with positive threshold h, the above 

formula becomes:  

                                                𝐺𝑥[𝑘] = {𝐺𝑥[𝑘 − 1] + 𝑠[𝑘]}+                                             (6.10) 

The algorithm can thus be described with an on-line approach, by sequential detection of 

possible abrupt changes in the signal sample after sample. The one-way test has the following 

form: 
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𝐢𝐧𝐢𝐭𝐢𝐚𝐥𝐢𝐳𝐚𝐭𝐢𝐨𝐧  

    set the detection threshold to ℎ > 0  

    𝑆[−1] = 𝐺𝑥[−1] = 0  

    𝑘 = 0  

𝐞𝐧𝐝  

𝐰𝐡𝐢𝐥𝐞 𝑛𝑜 𝑠𝑡𝑜𝑝𝑝𝑖𝑛𝑔 𝑟𝑢𝑙𝑒 𝑖𝑠 𝑖𝑛𝑖𝑡𝑖𝑎𝑡𝑒𝑑 𝐝𝐨  

    measure the current sample 𝑥[𝑘]  

    𝑠[𝑘] = 𝑥[𝑘] − �̅� ±
1

2
𝑚𝑠ℎ𝑖𝑓𝑡𝜎𝑥  

    𝑆[𝑘] = 𝑆[𝑘 − 1] + 𝑠[𝑘]  

    𝐺𝑥[𝑘] = {𝐺𝑥[𝑘 − 1] + 𝑠[𝑘]}+  

    𝐢𝐟 𝐺𝑥[𝑘] > ℎ > 0 𝐭𝐡𝐞𝐧  

        𝑛𝑑 ← 𝑘  

        �̂�𝑐 = 𝑎𝑟𝑔 min
1≤𝑛𝑐≤𝑘

𝑆[𝑛𝑐 − 1]  

        stop or reset the algorithm  

    𝐞𝐧𝐝  

    𝑘 = 𝑘 + 1  

𝐞𝐧𝐝   

Algorithm 6.1:  Pseudo algorithm of sequential on-line detection of abrupt changes in signal. 

 

The sequential change detection process defines a state of no detection 𝐷𝑁𝐸𝐺  (i.e. within the 

boundaries of the control limit) and a state of detection 𝐷𝑃𝑂𝑆. When a sample point k enters the 

detection state, the change time is marked and then stored in a variable 𝑑𝑝. The general form of 

the sequential change detection algorithm is: 

𝐢𝐧𝐢𝐭𝐢𝐚𝐥𝐢𝐳𝐚𝐭𝐢𝐨𝐧  

    𝑖𝑓 𝑛𝑒𝑐𝑒𝑠𝑠𝑎𝑟𝑦  

𝐞𝐧𝐝  

𝐰𝐡𝐢𝐥𝐞 𝑛𝑜 𝑠𝑡𝑜𝑝𝑝𝑖𝑛𝑔 𝑟𝑢𝑙𝑒 𝑖𝑠 𝑖𝑛𝑖𝑡𝑖𝑎𝑡𝑒𝑑 𝐝𝐨  

    measure the current sample x[k]  

    decide between 𝐷𝑁𝐸𝐺(no change) and 𝐷𝑃𝑂𝑆(one change)  

    𝐢𝐟 𝐷𝑃𝑂𝑆 𝑑𝑒𝑐𝑖𝑑𝑒𝑑 𝐭𝐡𝐞𝐧  

        store the detection time 𝑑𝑝 ← 𝑘  

        estimate the change time 𝑛𝑐  

        stop or reset the algorithm  

    𝐞𝐧𝐝  

𝐞𝐧𝐝  

Algorithm 6.2:  Pseudo algorithm of general sequential change detection. 

 

Thus, the detection algorithm can be recursively used as an on-line detector, provided that the 

estimation is recursively implemented. A break point is initiated when the speed signal reaches 
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a certain percentage of its initial average maximum value. Since the HDT strategy operates first 

at maximum tool speed, and then dynamically decreases during the elastic clamping zone, an 

average is calculated using the first 30 sample points, and then the break point is defined as a 

value 𝑘𝑏𝑟𝑒𝑎𝑘 ∈ [0,1] multiplied with the average speed.  

An example of a CUSUM chart is presented in the following graphs. A sliding window of 10 

sample points, corresponding to an estimated torque rate with μ = 0.1876 Nm/deg and σ = 

0.0162 in an angle window of 5.71 degrees, is fed to the CUSUM algorithm. The average speed 

at the beginning of the tightening phase is 𝑣𝑎𝑣𝑒 = 536.75 rpm, and with a break value of 

𝑘𝑏𝑟𝑒𝑎𝑘 = 0.45, yields a break point at 𝑣𝑏𝑟𝑒𝑎𝑘 =  𝑘𝑏𝑟𝑒𝑎𝑘𝑣𝑎𝑣𝑒 =  241.53 rpm. This point occurs 

at sample point 65 in the graphs. The CUSUM runs a “5-sigma” test, i.e. 𝑐𝑙𝑖𝑚 = 5, with a mean 

shift sensitivity of 𝑚𝑠ℎ𝑖𝑓𝑡 = 5. A variation is first detected on the lower sum at sample point 

60, as indicated on the control chart shown in Figure 6.5. 

 

  

Figure 6.5:  Plots of the CUSUM detection algorithm, indicating a change detection point at 

sample point 60. The break point is initiated at sample point 65.  
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6.4 Hypothesis testing  

 

Different behavioural modes (T) regarding the friction are formulated, in order to identify what 

type of error/indicator the above detection rule yields. The decision rule presented in section 

3.5.1 is chosen, since it provides flexibility in choosing different diagnostic states using 

different threshold criteria. 

As the null hypothesis (𝐻0), in other words the fault free case, the friction is supposed to be 

considered as linear, which yields a constant torque rate and therefore a satisfactory tightening 

which does not have any frictional influence. If any faults actually occur, they would most 

likely be due to other factors, such as fatigue, bad material or setup, diminished bolt/threaded 

bolt quality or some other defective occurrence. 

Apart from that, there will be two more behavioural modes, in other words two more 

hypotheses.  

The first one (𝐻1), with smaller threshold, will be a “change in friction”, either increase or 

decrease, depending on the detection rule (if CUSUM, observe the upper and lower bounds), 

and will be a foreshadowing of the second one, or an initial warning case.  

The second one (𝐻2), with higher threshold, will be a “high change in friction”, which would 

be considered an indicator of high likelihood of tightening failure, and a stopping rule for the 

tightening process (or suggest repeatability). 

All the above hypotheses, i.e. test quantities (H) will match the following behavioural modes 

(T): 

- 𝑇0 – fault free case, tightening was performed without any friction variations. 

- 𝑇1 – friction varied a little, maybe still within the boundaries of acceptable performance. 

- 𝑇2 – friction varied a lot, which indicates a high probability of failure concerning any 

type of fault factor (loosening, bolt break, etc.), so the tightening process was not good 

and should be redone. 

The behavioural modes are matched to each of the defined hypotheses using a table describing 

their relation to each other. In the detection scheme, Table 6.5 describes the decision rule and 

which hypotheses trigger what states.  

 

Hypothesis 𝑇0 𝑇1 𝑇2 

𝐻0 X 0 0 

𝐻1 0 X 0 

𝐻2 0 0 X 

 

Table 6.5:  The hypothesis model used as a decision rule for friction variations in the detection 

scheme. Symbol “X” indicates a trigger of the indicated state, and “0” indicates no trigger. 
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The following abbreviations are defined: 

𝐻0: no variation 𝑇0: no indicator 

𝐻1: change in friction 𝑇1: indicate change in friction 

𝐻2: high change in friction 𝑇2: indicate high change in friction 

 

In the detection scheme, a threshold difference between 𝐻1 and 𝐻2 needs to be defined. A 

variation of addition 3 standard deviations can be considered. Therefore, 𝐻0 triggers 𝑇0 as long 

as the sum |𝑆[𝑘]| < 𝑐𝑙𝑖𝑚𝜎𝑥, i.e. the same threshold limits defined in the CUSUM algorithm. 

This yields that 𝐻1 triggers 𝑇1 for 𝑐𝑙𝑖𝑚𝜎𝑥 < |𝑆[𝑘]| < (𝑐𝑙𝑖𝑚 + 3)𝜎𝑥, and 𝐻2 triggers 𝑇2 for 

(𝑐𝑙𝑖𝑚 + 3)𝜎𝑥 < |𝑆[𝑘]|. 

A change point detection in the CUSUM chart is therefore a trigger of a change in friction (𝐻1), 

and as long as it lies within additional 3 standard deviations, no high change is triggered (𝐻2). 

 

 

6.5 Operator influence  

 

Interesting to investigate the case where the operator is the variable that affects the tightening 

process, and the type of influence they have on the detection algorithm. If the tightening is 

performed with a hand-held tool (e.g. a wrench or an electric nutrunner for static tightening), 

then a model of the operator’s force can be created based on the moment of inertial generated. 

Basic principles of how torque is defined are used for this purpose. Figure 6.6 demonstrates the 

concept of an operator model in tightening, with the related forces and vectors involved in the 

process. 

 

Figure 6.6:  (left) Principle of the definition of torque, (right) Same principle with an 

operator’s hand acting on the tightening tool. 



 

76 
 

In general, torque (T) is defined as a cross-product between the distance (r) from the rotation 

axis and the force (F) acting on a mass (m). The following relationship holds: 

                                                                 �⃗� = 𝑟 × 𝐹                                                            (6.11) 

Since this force 𝐹  is defined as the rate of change of the linear momentum of a particle at 

position 𝑟  with velocity 𝑣  (i.e. 𝑝 = 𝑚𝑣 , so 𝑣 × 𝑝 = 0), and using the angular relationships for 

angular momentum �⃗� = 𝑟 × 𝑝  and 𝑣 = 𝜔𝑟, the following expression is derived: 

                              �⃗� = 𝑟 × 𝐹 = 𝑟 ×
𝑑𝑝 

𝑑𝑡
=

𝑑

𝑑𝑡
(𝑟 × 𝑝 ) −

𝑑𝑟 

𝑑𝑡
× 𝑝 =

𝑑�⃗� 

𝑑𝑡
− 𝑣 × 𝑝 =

𝑑�⃗� 

𝑑𝑡
           (6.12) 

If the assumption that motion is simplified in only two dimensions (a plane), then the equation 

of torque is 𝑇 =
𝑑𝐿

𝑑𝑡
 and since 𝐿 = 𝑚𝑣𝑟 = 𝑚𝑟2𝜔, a relationship similar to Newton’s 2nd law of 

motion is obtained: 

                                                          𝑇 =
𝑑𝐿

𝑑𝑡
= 𝑚𝑟2 𝑑𝜔

𝑑𝑡
                                                       (6.13) 

The moment of inertia for a system of particles is defined as: 

                                                                 𝐽 = ∑ 𝑚𝑖𝑟𝑖
2

𝑖                                                        (6.14) 

By using a generalized mass for the system of the hand-held tool and the acting mass of the 

operator’s hand, the angular velocity (𝜔𝑜𝑝) and angle (𝛼𝑜𝑝) of the operator’s influence can be 

defined using the expression 𝑇 = 𝐽
𝑑𝜔

𝑑𝑡
 as follows: 

                                                                 
𝜔𝑜𝑝 =

𝑇

𝐽
𝛥𝑡

𝛼𝑜𝑝 =
𝑇

𝐽
𝛥𝑡2

                                                        (6.15) 

where 𝛥𝑡 is the time difference between two successive sample points, i.e. the difference 

depending on the sampling frequency used while recording the measurements. It should be 

noted that this is a simple model where the force F of the operator is considered to be 

perpendicular to the distance vector measured from the tightening point. A visual of the model 

on the electrical nutrunner STR61-30-10 is shown in Figure 6.7. 

 

Figure 6.7:  The STR61-30-10 tightening tool, with the force acting on the gripping area. 
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According to this model, the variable J defines the influence of the operator to the tightening 

process, while T is the recorded applied torque to tighten the bolt. In other words, different 

operator models can be created by scattering of the m and r parameters, allowing for a statistical 

analysis of the operator’s influence if different gripping distances are used, or more force is 

applied (resulting in an increase in mass). The parameters are defined as follows: 

𝑚𝑜𝑝 = 1.2 [𝑘𝑔] + 𝑚ℎ𝑎𝑛𝑑, where 𝑚ℎ𝑎𝑛𝑑 is any additional mass exceeding the mass of the tool, 

and 1.2 kg is the mass of the STR61-30-10. 

𝑟𝑜𝑝 = 35 [𝑐𝑚] ± 5 [𝑐𝑚], since 10 cm is the gripping range of the tool, and 40 cm is the length 

of STR61-30-10, according to Figure 6.7. 

Scatterings of the above two parameters can be made using a Monte Carlo simulation, which is 

defined as a statistical test of a parameter which depends on other parameters that can vary. The 

formula for a variable parameter x assuming a normal distribution 𝑁(𝜇𝑥, 𝜎𝑥) yields an output y 

defined as: 

                                                 𝑦𝑠𝑐𝑎𝑡𝑡𝑒𝑟 = 𝜇𝑥 ± 𝑟𝑎𝑛𝑑(0,1) ∗ 𝜎𝑥                                        (6.16) 

Histograms of the parameter  𝑦𝑠𝑐𝑎𝑡𝑡𝑒𝑟 undergoing a Monte Carlo simulation are created, 

displaying the influence of the scattered parameter x. In the case of the operator’s model, 

scatterings of 𝑚𝑜𝑝 and 𝑟𝑜𝑝 are created based on Eq. 6.16. Their influence on the velocity 𝜔𝑖 and 

angle 𝛼𝑖 at each time step i is investigated, according to: 

                                                         
𝜔𝑖 = 𝜔𝑖−1|𝑡𝑜𝑜𝑙 + 𝜔𝑜𝑝|𝑠𝑐𝑎𝑡𝑡𝑒𝑟

𝛼𝑖 = 𝛼𝑖−1|𝑡𝑜𝑜𝑙 + 𝛼𝑜𝑝|𝑠𝑐𝑎𝑡𝑡𝑒𝑟
                                      (6.17) 

where 𝑚𝑠𝑐𝑎𝑡𝑡𝑒𝑟 = 1.2 + 𝑟𝑎𝑛𝑑(0,1) ∗ 𝑚ℎ𝑎𝑛𝑑 and 𝑟𝑠𝑐𝑎𝑡𝑡𝑒𝑟 = 35 + 𝑟𝑎𝑛𝑑(0,1) ∗ 5 are defined 

according to Eq. 6.15: 

                                           
𝜔𝑜𝑝|𝑠𝑐𝑎𝑡𝑡𝑒𝑟 =

𝑇𝑖

𝐽𝑠𝑐𝑎𝑡𝑡𝑒𝑟
𝛥𝑡 =

𝑇𝑖

𝑚𝑠𝑐𝑎𝑡𝑡𝑒𝑟  𝑟𝑠𝑐𝑎𝑡𝑡𝑒𝑟
2 𝛥𝑡 

𝛼𝑜𝑝|𝑠𝑐𝑎𝑡𝑡𝑒𝑟 =
𝑇𝑖

𝐽𝑠𝑐𝑎𝑡𝑡𝑒𝑟
𝛥𝑡2 =

𝑇𝑖

𝑚𝑠𝑐𝑎𝑡𝑡𝑒𝑟 𝑟𝑠𝑐𝑎𝑡𝑡𝑒𝑟
2
𝛥𝑡2

                       (6.18) 

 

Since the HDT strategy is used, operator influence is minimal under normal conditions. This is 

due to the optimized tightening speed used, which results in a reduced amount of force 

transmitted to the operator’s hand, thus providing an ergonomic behaviour with increased 

comfort during tightening. According to the performance results of the HDT strategy [3]  , using 

an STR Tensor tightening tool delivers ±5 % accuracy (over 6 standard deviations), which can 

be further increases to ±7.5 % for ES Tensor tools. Since the STR61-30-10 is used for the 

tightening tests, the operator model lies within the 5% uncertainty level based on the 

specifications of the HDT performance. 
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Chapter 7 
 

Experimental results 

 

In this chapter, investigations of the influence of different tuning parameters of the detection 

model are performed, using various measured data from the tightening tests. The case with the 

operator’s influence is also investigated, and compared to the normal case (with the operator 

model deactivated). The clamping force signal is used for evaluation purposes on the detector’s 

accuracy. Since it is interesting to investigate the response of the detection system in different 

setups, an analysis using data measured with different stiffness levels on the test rig is also 

performed. 

 

7.1 CUSUM detection parameters  

 

An investigation of the mean shift and control limit parameters of the CUSUM algorithm on 

the detector’s response is investigated. Different test cases (as many as 50) have been analysed 

with the same set up, and the results of the most representative ones are presented here. The 

cases of different sampling frequencies for measurement extraction is also considered. 

 

7.1.1  Sensitivity analysis 

The cumulative sums are investigated with different tunings on the algorithm, and the detection 

points are observed. The initial choice of mean shift is set to its default (𝑚𝑠ℎ𝑖𝑓𝑡 = 5), and a “5-

sigma” test is performed (𝑐𝑙𝑖𝑚 = 5). The results of the CUSUM chart and the torque rate curve 

are shown in Figure 7.1.  
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Figure 7.1:  𝑡𝑒𝑠𝑡 = 13, 𝑤 = 10, 𝑐𝑙𝑖𝑚 = 5, 𝑚𝑠ℎ𝑖𝑓𝑡 = 5, 𝑘𝑏𝑟𝑒𝑎𝑘 = 0.45  −  detection at sample 

𝑥 = 59 (with a break point at 𝑥𝑣𝑏𝑟𝑒𝑎𝑘
= 70). 

 

As it can be observed, by the 59th sample, the lower sum exceed the threshold of 5 standard 

deviations. Since the parameter 𝑐𝑙𝑖𝑚 only influences the threshold, it does not have a big 

influence to the accuracy of the detector. For instance, increasing 𝑐𝑙𝑖𝑚 to 6 will most likely 

detect the point one or two sample points later, while decreasing to less than 5 might trigger 

very early detections that could be accounted to signal noise, since the speed is still at very high 

levels, thus reducing the probability of friction variations).  

The parameter affecting the sensitivity of the detector point-wise is 𝑚𝑠ℎ𝑖𝑓𝑡, and the lower its 

value, the higher the likelihood of the value being added to the sum. This can be observed by 

considering a very sensitive case, with the mean shift value decreased to 3. The results of this 

case are shown in Figure 7.2. 

 

Figure 7.2:  𝑡𝑒𝑠𝑡 = 13, 𝑤 = 10, 𝑐𝑙𝑖𝑚 = 5, 𝑚𝑠ℎ𝑖𝑓𝑡 = 3, 𝑘𝑏𝑟𝑒𝑎𝑘 = 0.45  −  detection at sample 

𝑥 = 8, next detection at 𝑥 = 54 (with a break point at 𝑥𝑣𝑏𝑟𝑒𝑎𝑘
= 70). 

 

The CUSUM control chart is now a lot more sensitive to change point variations, as it can be 
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observed by the curve form. A is detected early at the 8th data sample, with the next change 

occurring at the 54th sample, which indicates the same detection as in the previous case 

(𝑚𝑠ℎ𝑖𝑓𝑡 = 3), with the detection point a couple of samples ahead in time.  

It is therefore necessary to find appropriate 𝑚𝑠ℎ𝑖𝑓𝑡 intervals accounting both for signal noise 

bias as well as for the detection sensitivity, in order to increase the robustness of the detector. 

A measurement with larger signal noise is considered, with the same sensitivity on the detector. 

It yields the results shown in Figure 7.3. 

 

Figure 7.3:  𝑡𝑒𝑠𝑡 = 31, 𝑤 = 10, 𝑐𝑙𝑖𝑚 = 5, 𝑚𝑠ℎ𝑖𝑓𝑡 = 3, 𝑘𝑏𝑟𝑒𝑎𝑘 = 0.45  −  detection at sample 

𝑥 = 3, next detection at 𝑥 = 63 (with a break point at 𝑥𝑣𝑏𝑟𝑒𝑎𝑘
= 73). 

 

Again, early detection is observed. Increasing the mean shift yields a detection point near the 

end of the tightening process, not considering the noise variation at the beginning of the 

tightening. The results are shown in Figure 7.4. 

 

Figure 7.4:  𝑡𝑒𝑠𝑡 = 31, 𝑤 = 10, 𝑐𝑙𝑖𝑚 = 5, 𝑚𝑠ℎ𝑖𝑓𝑡 = 7, 𝑘𝑏𝑟𝑒𝑎𝑘 = 0.45  −  detection at sample 

𝑥 = 65 (with a break point at 𝑥𝑣𝑏𝑟𝑒𝑎𝑘
= 73). 

 

Using the same value for the mean shift parameter on the previous test that was presented in 
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Figure 7.1 now yields a different detection sample point, yet the difference is fairly insignificant 

when translated to a time interval. The results are shown in Figure 7.5. 

 

Figure 7.5:  𝑡𝑒𝑠𝑡 = 13, 𝑤 = 10, 𝑐𝑙𝑖𝑚 = 5, 𝑚𝑠ℎ𝑖𝑓𝑡 = 7, 𝑘𝑏𝑟𝑒𝑎𝑘 = 0.45  −  detection at sample 

𝑥 = 62 (with a break point at 𝑥𝑣𝑏𝑟𝑒𝑎𝑘
= 70). 

 

A difference of 3 sample points with a sampling frequency of 5 kHz yields a time difference of 

𝛥𝑡 =
65−62

5
=

3

5
= 0.6 ms. This time difference is still very small (<1 ms), so the performance 

difference between the different sensitivity parameters, i.e. 𝑚𝑠ℎ𝑖𝑓𝑡 = 5 and 𝑚𝑠ℎ𝑖𝑓𝑡 = 7 (which 

works in all noise bias cases with the same window), still yields a very accurate detector. 

 

7.1.2  Conclusions 

In summary, the following conclusions can be drawn regarding the choice of the CUSUM 

parameters, namely the mean shift and control limit: 

- 𝑚𝑠ℎ𝑖𝑓𝑡 ↑ ⇒ ↓ 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 :  As the value of the mean shift increases, it becomes harder 

to iteratively add change point variations to a cumulative sum. This yields in a decrease 

in the detector’s sensitivity. Values higher than 10 are not capable of detecting anything 

at all in most cases. 

- 𝑚𝑠ℎ𝑖𝑓𝑡 ↓ ⇒ ↑ 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 :  Reducing the mean shift to less than 3 yields a really 

sensitive detector, indicating changes related to signal noise in all occasions. The 

analysis showed an interval between 4 and 8 works best. In order to avoid noise bias in 

highly noisy signals, the value of 𝑚𝑠ℎ𝑖𝑓𝑡 = 7 seems to work best for almost all cases. 

- 𝑐𝑙𝑖𝑚 ↓↑⇒ 𝑛𝑜 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝑐ℎ𝑎𝑛𝑔𝑒 :  Considering a lowest value of 5 (i.e. “5-sigma” 

test), increasing any further only yields in a change point detection of 2-5 sample points. 

These values lie within 1 ms, a time difference so small it can be considered almost 

unnecessary. Decreasing lower than 5 is not recommended, since the significance level 

drops too low for statistical evaluation. 
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In cases where no variation is reported (𝐻0 triggers 𝑇0), it is possible to investigate the signal 

noise level by steadily decreasing 𝑚𝑠ℎ𝑖𝑓𝑡 until a detection is triggered (accounted to signal 

noise). Since such an analysis does not allow for any concrete conclusions to be drawn with 

regards to friction variations, except for the fact that a signal might be noisier than another, it 

is not as interesting to investigate. 

 

7.2 Stiffness analysis  

 

Various tightening tests were performed using different stiffness levels on the test joint, in order 

to investigate the detector’s sensitivity for different types of surfaces. The stiffness levels are 

small holes which vary between 0 (hard joint) to 4 (soft joint). The numbers indicate the 

displacement from the central part, where the bolt is placed and force is applied. A visual 

illustration of the stiffness levels on the test joint can be seen in Figure 7.6. 

In general, the more flexible an object is, the less stiff it is. The relationship between stiffness 

(𝑘𝑠𝑡𝑖𝑓𝑓), displacement (𝛿), and force applied (𝐹) is: 

                                                              𝑘𝑠𝑡𝑖𝑓𝑓 =
𝐹

𝛿
                                                                (7.1) 

 

 

Figure 7.6:  A visual of the test joint used in the test rig. The stiffness levels are marked 

under each hole, with number indicating the hardness of the joint (0 – hard, 4 – soft). 
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7.2.1  Highly dynamic tightening (HDT) 

Tests performed with HDT strategy, having a reference target torque at 15 Nm, yield the 

following results, summarized in Table 7.1. 

 

Stiffness 

level 

Angle regression 

interval [deg] 

Detection point Mean (μ) 

[Nm/deg] 

Standard 

deviation (σ) Torque [Nm] Time [ms] 

0 16.88 11.39 6.625 0.129 0.0084 

1 5.43 − − 0.067 0.0155 

2 2.76 − − 0.060 0.0198 

3 2.72 − − 0.050 0.0288 

4 2.67 − − 0.048 0.0306 

 

Table 7.1:  Results from different stiffness level investigations using HDT. Parameter settings: 

𝑤 = 30,  𝑐𝑙𝑖𝑚 = 5,  𝑚𝑠ℎ𝑖𝑓𝑡 = 7, 𝑘𝑏𝑟𝑒𝑎𝑘 = 0.2. 

 

It can be observed that the harder the joint, the higher the accuracy on the estimated average. 

Since the angle interval is much shorter for a hard joint, the regression window of the estimator 

increases, thus yielding a smoother signal. For softer joints, the regression window becomes 

shorter, having a similar effect to an increased sampling frequency. Furthermore, tightening a 

softer joint under longer a longer time interval yields less probability of a friction variation to 

occur. 

 

Figure 7.7:  Plot of the torque-angle relationship using joints with different stiffness levels. 

 

In summary, the following conclusions can be drawn regarding the stiffness of the joint and the 

detection scheme using the HDT strategy: 
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- 𝑘𝑠𝑡𝑖𝑓𝑓 ↑ ⇒ ↑ 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 :  An observation similar to the increase of the sampling 

frequency with regards to the window size (𝑤). A hard joint yields larger regression 

interval for the angle, so if one wants to keep the same interval for all tightenings, 𝑤 

should be reduced. 

- 𝑘𝑠𝑡𝑖𝑓𝑓 ↓ ⇒ ↓ 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 :  The opposite holds for softer joints, where the angle 

regression interval is significantly reduced. An increase in the window size (𝑤) of the 

estimator is therefore necessary in order to keep the same angle interval. 

 

7.2.2  Constant speed tightening (CST) 

Further tests were performed using the CST strategy with various speed levels. The main reason 

is the investigation of the detector’s performance with tightening strategies other than HDT 

(and thus with longer tightening time). The softest joint case (stiffness level 4) is not included 

in the analysis, since the instability of the surfaces was high enough during slow tightening to 

produce unwanted behaviour (a “bump” occurring at certain time intervals). The results of the 

tightening tests are summarized in Table 7.2. 

 

Stiffness 

level 

Angle regression 

interval [deg] 

Detection point Mean (μ) 

[Nm/deg] 

Standard 

deviation (σ) Torque [Nm] Time [ms] 

Constant speed level:  30 rpm 

0 4.32 7.45 153.25 0.083 0.0006 

1 4.35 − − 0.062 0.0017 

2 4.27 8.59 234 0.053 0.0010 

3 0.46 7.89 283.125 0.052 0.0011 

Constant speed level:  60 rpm 

0 4.33 4.81 17.125 0.086 0.0005 

1 4.33 7.03 69.5 0.065 0.0009 

2 4.32 4.93 22.75 0.054 0.0009 

3 4.34 9.17 174.75 0.054 0.0014 

Constant speed level:  150 rpm 

0 4.33 7.55 21.375 0.072 0.0025 

1 4.34 − − 0.059 0.0045 

2 4.33 6.54 19.5 0.057 0.0016 

3 4.34 12.21 103.125 0.049 0.0024 

Constant speed level:  300 rpm 

0 6.51 11.57 19 0.085 0.0025 

1 6.51 10.31 17.75 0.048 0.0041 

2 6.50 7.42 11.25 0.047 0.0025 

3 4.90 11.15 35.25 0.044 0.0035 

 

Table 7.2:  Results from different stiffness level investigations using CST. Parameter settings: 

𝑤 = 30,  𝑐𝑙𝑖𝑚 = 5,  𝑚𝑠ℎ𝑖𝑓𝑡 = 7, 𝑘𝑏𝑟𝑒𝑎𝑘 = 0.2. 
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It can be observed that using the CST strategy yield much lower values for the average torque 

rate compared to HDT, regardless of the stiffness level. At the same time, the estimation is 

much more accurate, since the scattering is really low. No big difference between hard or soft 

joints is observed, with regards to the performance of the estimator. The angle regression 

window is almost identical for a certain tightening speed. Different speed levels yield of course 

different tightening times, and therefore different regression windows.  

By observing the plots, it can be further concluded that for low speed tightenings, the estimated 

torque rate has higher noise levels, which could trigger a detection associated with noisy peaks. 

In almost all cases, a variation is likely to occur, thus triggering a detection. The detection 

algorithm is therefore adaptive to smaller change detections occurring in higher time intervals 

(CST takes 150-300 ms, while HDT just 30 ms). 

In summary, the following conclusions can be drawn regarding the stiffness of the joint and the 

detection scheme using the HDT strategy: 

- 𝑘𝑠𝑡𝑖𝑓𝑓 ↔ 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 :  No difference can be observed between the different stiffness 

levels with regards to the regression interval. 

- 𝑣 ↑ ⇒↑ 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 :  Increasing the tightening speed results in longer angle regression 

intervals, since the tightening time is reduced. 

- 𝑣 ↓ ⇒↓ 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 :  The opposite holds for low tightening speeds, although the 

difference in the estimator’s performance (𝜇, 𝜎) do not yield significant differences. 

 

7.3 Behavioural analysis  

 

A summary of the diagnosis report while applying the same detection model (𝑓𝑠 = 5 kHz, 𝑤 =

10, 𝑐𝑙𝑖𝑚 = 5, 𝑚𝑠ℎ𝑖𝑓𝑡 = 7) on 41 different tightening tests yields the statistical data presented in 

Table 7.3. The hypothesis testing is defined according to section 6.4, with different threshold 

values expressed in standard deviations setting the range of each diagnostic state. 

 

Total number of tests 

(under same conditions) 

Diagnosis 

𝑻𝟎 𝑻𝟏 𝑻𝟐 

8 X 0 0 

0 0 X 0 

24 0 X X 

4 0 0 X 

 

Table 7.3: Results from different stiffness level investigations using HDT. From the 41 tests 

performed, only 32 are used for the analysis, since 9 of them indicated artefacts and regarded 

as unreliable. Parameter settings: 𝑤 = 30,  𝑐𝑙𝑖𝑚 = 5,  𝑚𝑠ℎ𝑖𝑓𝑡 = 7, 𝑘𝑏𝑟𝑒𝑎𝑘 = 0.2. 
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It can be observed that the state 𝑇0 indicating no variations in friction is triggered 25 % of the 

total number of tightening tests. The rest of the tests yield a variation in friction. It is also notable 

to observe that all tests triggering a variation in friction (𝑇1) continued triggering a higher 

variation in friction (𝑇2). It is an indicator of high sensitivity in the diagnosis model, since only 

3 standard deviations define the difference between the two states. In that case, if friction varies 

with at least 5σ, then it will most likely vary with 8σ. This verifies the observation that varying 

the parameter 𝑐𝑙𝑖𝑚 in the CUSUM does not yield significant performance differences on the 

detector, at least with relatively small margins in σ. 

It can be further observed that there was no case where a small variation was triggered, which 

then balanced itself out without triggering a larger variation (row 2). This constitutes the 

estimated torque rate having relatively low signal noise bias, since small indications would most 

likely be regarded to false detection, due to unfiltered peaks from the noise signal. 

Detailed results of each test case are found in Appendix , Table C.1. 

 

7.4 Evaluation of the detection scheme  

 

In order to evaluate the performance of the diagnosis system with regards to actual variations 

in the torque-force relationship, the signal of the clamping force is used. This signal is measured 

with a force transducer and recorded using the data acquisition method described in Chapter 5.  

The estimated torque rate has a value in the interval [0, 1]. In order to compare to the value of 

the torque-force factor (T/F) which is around 2 for the given test rig (a parameter depending on 

the geometry) with the torque rate, some extra steps need to be made. For a comparison to be 

possible, the T/F factor has to be compared in a sample window the same size as w. The obtained 

value ΔT/ΔF is rescaled around 1, with the torque rate signal also rescaled around 1. According 

to Eq. 4.5 and Eq. 4.6, these two signals are expected to follow each other in variations. 

Therefore, taking the ratio of the signal should yield a constant value.  

                                                         𝑟𝑎𝑡𝑖𝑜 =
(
𝛥𝑇

𝛥𝐹
)𝑟𝑒𝑠𝑐𝑎𝑙𝑒𝑑

(
𝛥𝑇

𝛥𝛼
)𝑟𝑒𝑠𝑐𝑎𝑙𝑒𝑑

                                                       (7.2) 

This ratio is used in order to evaluate whether a detection in a specified sample point actually 

occurred. If the detection is true, then the torque-force relationship should have varied in a 

similar manner, thus resulting in a ratio value at the detection point close to the average of the 

ratio. If the detection is false, then the ratio at the detection point would diverge from the 

average of the ratio. 

An analysis with different test cases yielding an accurate detection was conducted, with the 

results presented in Figure 7.8. If accuracy is defined within a 0.05 ratio threshold, then the 

detector results in accurate detection points, since the difference in the detection point is just 
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0.02. It is an important evaluation result for the choice of the detection parameters used, both 

on the estimator (𝑤 = 30) and on the CUSUM algorithm (𝑐𝑙𝑖𝑚 = 5,  𝑚𝑠ℎ𝑖𝑓𝑡 = 7). 

 

Figure 7.8:  (left) The curve of the ratio (Eq.7.2) with average 1.73, and a detection point at 

1.75, (right) Histogram of the ratio distribution model. A case of accurate detection. 

 

At certain instances, mainly during the first 1-2 tightening tests after a different stiffness level 

is adjusted, false detections are observed. Such a case is demonstrated in Figure 7.9. Higher 

scatterings on the ratio can also be observed, demonstrating the necessity of first performing a 

couple of tightening tests with new conditions before starting to record. It takes a bit of time for 

the test rig to adjust to the new behavioural mode. As it can be observed, the difference in the 

detection point is 0.06, rather borderline, but still outside the threshold. If the clamping force 

signal is always available in a setup, then such detections could be marked as false detections. 

Otherwise, caution should be taken during the first couple of tightenings, in order to not 

influence the tightening process as much as possible. 

 

Figure 7.9:  (left) The curve of the ratio (Eq.7.2) with average 1.71, and a detection point at 

1.77, (right) Histogram of the ratio distribution model. A case of inaccurate detection. 
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Cases where no detection was triggered, yet variations larger than 0.05 could be observed in 

the ratio curve were only present for stiffness levels 3 and 4 (soft joints). These cases are 

demonstrated in Figure 7.10. The ratio curve reaches levels differing as much as 0.1 from the 

average. Since the analysis in Section 7.2 showed that softer joints yield lower angle regression 

intervals, the resulted estimated torque rate is more bias to noise and therefore less smoothened. 

In these cases, the estimation is most likely inaccurate, thus biasing the detector with noise 

variations which are being reset in the CUSUM due to the mean shift variable. 

 

Figure 7.10:  (left) The curve of the ratio (Eq.7.2) with average 1.72, no detection triggered, 

(right) Histogram of the ratio distribution model. A case of noise biased estimated signal. 

 

Finally, cases where no detection occurred and the ratio was within a 0.05 threshold were also 

present in all hard joint tests. Such cases can be seen in Figure 7.11, where the signal only 

exceeded the 0.05 threshold in a single instance (t = 3.7 ms), and then balanced itself out again. 

For softer joints, since noise bias becomes higher, more such occurrences can be observed, as 

demonstrated above. 

 

Figure 7.11:  (left) The curve of the ratio (Eq.7.2) with average 1.66, no detection triggered, 

(right) Histogram of the ratio distribution model. A case of noise biased estimated signal. 
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It should be noted that some instances in the histogram occurring randomly are outlier cases 

depending mainly on the imperfect inaccuracy of the estimator, or on unfiltered data points due 

to signal noise bias. 

 

7.5 Operator influence  

 

The influence of the load distribution and the operator using the instrument are analysed, 

according to the models defined in section 6.5. Different values on the mass and distance 

parameters of the operator have an influence on the resulting angle and speed values according 

to Eq. 6.17. An analysis of different scatterings of the parameters defined by Eq. 6.18 was 

conducted, and the results are presented in this section. 

 

7.5.1  Angle regression window 

Since the moment of inertia defining the operator model affects both the speed and the angle 

parameters, an expected difference on the sliding window of the estimator is to be expected. 

The curve shape in the regression window looks different, since different angle lengths are used. 

This happens due to the scatterings of the operator’s parameters, resulting in different values 

corresponding to each sampling point, as described in Eq. 6.17. Statistical results of these 

variations are shown in Table 7.4. 

 

Stiffness 

level 

Operator 

influence 

Angle regression 

interval [deg] 

Mean (μ) 

[Nm/deg] 

Standard 

deviation (σ) 

break point v 

[rpm] 

0 no operator 16.88 0.129 0.0084 171.6 

operator 18.04 0.132 0.0133 172.8 

1 no operator 5.43 0.067 0.0155 164.6 

operator 6.63 0.078 0.0229 166.0 

2 no operator 2.76 0.060 0.0198 176.5 

operator 4.62 0.168 0.0257 177.7 

3 no operator 2.72 0.050 0.0288 186.9 

operator 3.73 0.054 0.0229 188.1 

4 no operator 2.67 0.048 0.0306 194.7 

operator 3.63 0.054 0.0241 195.7 

 

Table 7.4: Results from different stiffness level investigations using HDT with the influence 

of the operator model. 

 

A clear increase in the angle regression window can be observed when the operator’s model is 

activated. This yields an increase on the mean value of the estimated signal, since different 

angle values are used. Accuracy of the estimated signal varies depending on the stiffness level. 
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For harder joints, σ increases while the operator model is activated, whereas for softer joints a 

decrease in σ can be observed. The speed signal is also affected, triggering a break point at 

higher speed levels (earlier in time) in all cases. 

An interesting observation is the form of the torque signal inside the angle regression window. 

Since this signal is used for the diagnosis process, a form that does not differ a lot from the 

normal case is desired when the operator mode is activated. This way there would be no need 

to change the detection parameters to adjust the detection sensitivity. Worst cases would be 

when the torque signal inside the angle regression window yields an estimated mean value with 

the opposite sign than the normal case (e.g. normal case yields μ = 0.123 Nm, while the operator 

case yields μ = -0.104 Nm). Plots of the curve form of the torque signal inside the angle 

regression window for different stiffness levels are shown in Table 7.5. 

 

Angle regression window form 

no operator operator 

Stiffness level: 0 

 
 

Stiffness level: 1 

 
 

Stiffness level: 2 
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Stiffness level: 3 

 
 

Stiffness level: 4 

 
 

 

Table 7.5: The angle regression interval in different stiffness levels, with the influence of the 

operator model. 

 

7.5.2 Conclusions 

The observations of the normal and the operator-influenced system with regards to the detection 

system can be summarized as follows: 
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- 𝑜𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ⇒↑ 𝑣  :  Having an operator model clearly affects the speed signal, yielding 

higher average at the beginning of tightening, thus triggering the break point at a higher 

speed value, and therefore earlier in time. 

- 𝑜𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ⇒↑ 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 :  At the same time, the angle signal is affected, yielding a 

larger regression interval. 

- 𝑜𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ⇒↑ 𝜇 :  In all the tested cases, an increase in the mean value is observed, due 

to the different regression interval from which the mean is estimated. 

- 𝑜𝑝𝑒𝑟𝑎𝑡𝑜𝑟 ↔ 𝜎 :  The standard deviation clearly varies when the operator model is 

activated, although no clear conclusions can be drawn, since different stiffness levels 

result in either increase or decrease of the value. 
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Chapter 8 
 

Conclusions 

 

Implementing a detection algorithm for change point variations of a parameter is not an easy 

task. One needs to be aware of both the mechanics of the system being monitored, as well as 

the type of influence the parameter has on it. Identifying the fault model on the FDI system is 

the first and most crucial step of implementing a change detection algorithm. After this has been 

identified, one can start making choices of the algorithm most appropriate for the purpose of 

the monitoring method (e.g. online/offline) and the difficulty level of its implementation, based 

on the available signals. 

In the case of friction, it was shown that it is possible to detect variations occurring during 

highly dynamic tightening, and potentially other tightening strategies. Recalling the thesis 

statement in the introductory section of Chapter 1: 

“It is possible to estimate variations in the torque-force relationship during a highly dynamic 

tightening process that could be accounted to friction parameter variations”.  

After implementing an FDI method and testing it under different scenarios, it can be concluded 

that the thesis statement stands true. Variations in the torque-force relationship could be 

detected in certain time instances during the 3rd phase of tightening, and validity of those could 

be evaluated using a force transducer to actually measuring the clamping force and observing 

the ratio of torque and force. At the same time, since friction has been defined as the general 

friction occurring during tightening, with all parameters described in section 4.5 included, it is 

correct to assume that a variation in the torque-force relationship constitutes variation in the 

friction parameter. 

 

8.1 Summary  

 

In this report, a brief analysis of the main principles of tightening was conducted, in order to 

understand the behaviour of friction and the ways it can be recorded and monitored. An 

introduction on the basic FDI models and algorithms was also performed, in order to have a 

broader view of the different choices that could be used for change point detection of friction 

in tightening.  
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Since the measured signals recorded by the tool were rather limited (e.g. one does not have 

access to the clamping force signal unless a special test rig is used), an observer of the torque-

rate had to be implemented, in order to estimate the parameter that indicates a variation in the 

torque-force relationship, and therefore the general friction during tightening. Since the main 

application of the detection algorithm is aimed for real time monitoring, the CUSUM algorithm 

was chosen, since it allows for a robust and adaptive detection, using different sensitivity and 

threshold levels that can be adjusted. A recursive approach was implemented combining the 

torque-rate estimator with the detection algorithm, and using a diagnosis rule based on the 

hypothesis testing principle in order to provide diagnostic report of the variation level.  

Investigations on channel noise and filtering effects on the signals were further conducted, in 

order to find the most appropriate signals forms that could be used as inputs in the estimator 

and the detection system. It was concluded that the raw forms of the torque and angle signals 

were a good choice, provided that a certain sliding window length of around 10 sample points 

was used in the estimator. Different sampling rates of the data acquisition phase are also a factor 

that influences the noise bias in the estimated signal. For increased sampling rates, an increase 

in the sliding window length is necessary. 

Similar investigations on the CUSUM parameters were performed, and certain interval ranges 

for the variables were identified. It was shown that the control limit variable does not have a 

significant influence on the sensitivity of the detector. On the other hand, the mean shift variable 

was of much higher importance regarding the robustness of the CUSUM chart levels after each 

iteration. For evaluation purposes, a force transducer was used in order to record the clamping 

force signal and calculate the torque-force ratio that could be used as an indicator of actual 

variations on the torque-force relationship. Different stiffness levels yield different performance 

results, so having knowledge of the type of bolts and joints used in tightening is an important 

factor in tuning the detector to perform most accurately. 

Finally, a model of the operator performing the tightening action was implemented, and an 

analysis of its influence on the diagnosis model was investigated. Statistical tables of the test 

cases, as well as plots of different cases can be found in the Appendix sections of the report. In 

the end, the investigations were delimited using M8 zinc-platted screws on a test rig with 

adjustable stiffness levels, and an electrical nutrunner tightening tool (model ETV STR61-30-

10) with a HDT strategy, although some tests of the detector algorithm using a CST strategy 

were also conducted to investigate cases with different tightening speed levels. 

 

8.2 Discussion  

 

Throughout the project, a couple of different instances requiring careful concern were 

identified. One such case is the way the different parameters in the tightening equations of 

Chapter 2 are defined. Since different standards provide different values of the geometry of the 

screws and threads (e.g. Eq. 2.1 and Eq. 2.2, or the simplified form in Figure 2.8), special 

awareness of the parameter values involved in an expression is necessary when looking up the 
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values in tables. Knowing the standards used in an expression and not mixing them up with 

each other is fundamental for creating realistic tightening models. 

On another note, since the torque-force relationship depends on so many different parameters, 

as discussed in section 4.5, there is always the necessity of performing tightenings in an as much 

controlled environment as possible, where most of these problems can be reduced or even 

completely eliminated. The effects of lubrication on the friction parameter are one of the main 

problematic concerns, when one attempts to generalize their study with extended conclusions. 

As presented in Table 2.1, different bolt and nut materials combined with different lubricants 

yield different range in the friction coefficients. Tuning the detection algorithm for specific sets 

of materials would therefore be necessary, as shown in the analysis of different stiffness levels 

in sections 7.2 and 7.5. As long as good quality material is used and one has knowledge of the 

stiffness level of the joint, friction variations can be indicated with appropriate tuning of the 

detector. Algorithm 6.1 can be used for sequential on-line detection considering only the torque 

and angle signals, but the behaviour of the joint which describes the torque-angle curve of 

tightening depends on both the geometry and the material of the parts involved. 

In the end, estimating friction coefficients themselves during tightening can be proven a lot 

harder compared to estimating friction variations. Since Eq. 4.5 provides an indicator of the 

friction variations during tightening, estimated using the torque rate as shown in Eq. 4.6, one 

could assume that combining the reduced form with the long form in Eq. 2.2 while combining 

the two friction coefficients in one (𝜇𝑡ℎ+𝑏) would be an estimation model of friction 

coefficients. Since the first parameter on the right side of Eq. 2.2 depends on the pitch of the 

screw (𝑃), namely the geometry, it could be taken out of the equation to the left side of Eq. 2.2. 

The resulting expression becomes: 

            �̂�𝑡ℎ+𝑏 = 𝜇𝑡ℎ + 𝜇𝑏 =
�̂�𝑡𝑜𝑡(𝜇𝑡𝑜𝑡)

𝑐𝑡ℎ+𝑏
− 0.16𝑃                             (8.1) 

In this expression, the parameter 𝑐𝑡ℎ+𝑏 is the combined parameter of 0.58𝑑2 from 𝜇𝑡ℎ and 
𝐷𝑏

2
 

from 𝜇𝑏. Depending on the assumption of how the friction coefficients are defined, this 

parameter can be calculated. In general, one usually assumes that 𝜇𝑡ℎ = 𝜇𝑏, which in this case 

yields 𝑐𝑡ℎ+𝑏 = 0.58𝑑2 +
𝐷𝑏

2
. Thus, estimating �̂�𝑡𝑜𝑡(𝜇𝑡𝑜𝑡) using the torque rate model of in this 

report allows for estimation of the combined friction parameter �̂�𝑡ℎ+𝑏, and therefore each 

friction coefficient as 𝜇𝑡ℎ = 𝜇𝑏 =
�̂�𝑡ℎ+𝑏

2
.  

The expression above might be mathematically correct, though it could only work under the 

assumption that the torque-force variations are only contact friction dependent. Since there are 

so many different parameters affecting the torque-force relationship, it is most likely not a good 

choice as an estimation model, since it only works under specific conditions delimited by our 

assumptions (e.g. the fact that 𝜇𝑡ℎ = 𝜇𝑏). Through constant experimentation and analysis of the 

system response under enforced triggers of the torque-force variations (e.g. the influence of an 

operator, or purposely using threads with defects, etc.), a probabilistic model could be created 

based on common patterns or indicators detected during the analysis. This probabilistic model 

could therefore teach the system whether the implemented estimator actually detects contact 
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friction variations, signal channel noise, material defects (e.g. inefficient lubrication, defective 

screw, etc.) or another external parameter like operator fault.  

 

8.3 Future work  

 

There are a lot of approaches that could be used for friction change detection during tightening. 

A couple of those were introduced in brief in Chapter 3. Instead of using residuals generated as 

the different of a measurement from the mean, as shown in Eq. 3.3, one could have used a 

statistical approach with kernel estimates, as explained in section 3.3.3. Another alternative 

could be a spectral analysis of the Fourier transform of the measured signals, and comparison 

to a reference spectrum, as described in section 3.3.2 utilizing Eq. 3.7. 

Regarding the detection method, the CUSUM algorithm was chosen for its recursive nature, 

and the fact that it can be easily modified and used for real time detection in on-line processes. 

A different approach could be the implementation of a particle filter-based FDI method, 

utilizing Algorithm 3.1. A stochastic model of the tightening system would have to be 

identified, with signal noise having any possible form, since the MMSE and MAP estimates in 

Eq. 3.12 and Eq. 3.13 work for either Gaussian or non-Gaussian systems. If a linear regression 

model of the tightening process is available, then implementing the method described in section 

3.4.3 could also be possible.  The possibilities are only limited by the available signals, as well 

as the effectiveness of the model. Longer computational times would for instance not be 

desirable in on-line detection systems. 

In addition, the thresholds of the detector algorithm could further be investigated, with different 

values for different cases involved. As shown in the analysis of Chapter 7, stiffness plays an 

important role on the performance of the detector. At the same time, since tests were delimited 

in M8 zinc-platted bolts, it would be interesting to extend the range of application the algorithm 

can perform, and identify the tuning parameter ranges for other types of bolts, lubricants, 

tightening strategies, etc. Furthermore, testing the algorithm in different tightening tools apart 

from nutrunners, for instance handheld tightening pistols, could also be a step in extending its 

range and usability. Different is also the case of dynamic tightening, where the tools are fixed 

and mounted on robot arms in the assembly line. In that case, there is no operator influence at 

all, since the tools are fixed, but there might be vibrations involved from external sources in the 

environment. Setting up a Test-Bed for such cases could also be beneficial for automated 

processes. 

Taking it one step further, machine learning principles could be applied in order to implement 

an adaptive model depending on a database of nominal behavioural modes of different bolt and 

thread types, sampling frequencies, as well as variation patterns commonly observed under 

special circumstances (e.g. forceful trigger of operator’s influence, purposely using faulty bolts, 

etc.) A probabilistic behavioural model, such as a Hidden Markov Model (HMM) for 

representation of different states, could be used in order to distinguish between the different 
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parameters affecting the torque-force relationship. In other words, namely the factors affecting 

friction variations during tightening. 

In brief, future work suggestions can be summarized as follows: 

 Analyse data using methods other than a difference from the mean (e.g. kernel estimates, 

spectral analysis, etc.). 

 Use a particle filter approach or a linear regression model instead of CUSUM for the 

detection system. 

 Further tests with different material sets (other than M8 zinc-platted bolts), lubricants, 

handheld tightening tools, and identifying the range of the system parameters on them. 

 Investigate robustness of the detection system under special conditions, e.g. a tool 

mounted on a robot arm, allowing for dynamic tightening. 

 More extensive investigations of the operator’s influence using more complicated 

models than in section 6.5 (e.g. defining the force in an angle not perpendicular to the 

distance vector, introducing gravity-dependent forces, etc.). 

 Implementation of a probabilistic behavioural model (e.g. HMM) for an indicator of the 

reason behind a detected variation. This step requires tests under special conditions in 

order to identify common patterns on the observed signals. 
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Appendix A 
 

Bolt and thread nomenclature 

 

The nomenclature of the different parts of a bolt are presented here. More information about 

the dimensions and different standards can be found in [8]   and [11]  . 

 

Figure A.1: Nomenclature of the hexagon head bolt. 

 

 

Figure A.2: Profile of the screw thread and nomenclature. 
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Appendix B 
 

Calibration of transducer 

 

 Calibration report of the force transducer. 

 

The experimental procedure referred to on Chapter 5 was performed on a M8 no. 2 threaded 

bolt with a maximum torque value of 45 Nm. The calibration report of the force transducer 

shows a sensitivity of 0.0677 mV/V/kN, with a zero offset less than 0.014 nV/V and a 

nonlinearity less than 0.27 % of maximum load. The reported measurement uncertainty is 

0.15 %, in a calibration range of 0-30 kN.  
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Appendix C 
 

Testing under specific conditions 

 

 Performance table of different test cases using HDT with the same parameter settings. 

Test 

case 

Mean 

𝒙𝒊 

[Nm/deg] 

Standard deviation 

𝝈𝒊  

[Nm/deg] 

Diagnosis 

[Torque value in Nm] 

𝑻𝟎 𝑻𝟏 𝑻𝟐 

1 0.1862 0.0177 − 13.9 14.7 

2  0.1808 0.0273 NF − − 

3 0.1866 0.0186 − 14.6 14.7 

4 0.1797 0.0240 NF − − 

5 0.1793 0.0264 NF − − 

6 0.1796 0.0207 NF − − 

7 0.1859 0.0174 − 14.3 14.6 

8      

9 0.1862 0.0144 − 14.1 14.3 

10 0.1805 0.1620 − 13.9 14.4 

11      

12 0.1830 0.0159 − − 14.6 

13 0.1846 0.0135 − 14.3 14..4 

14 0.1860 0.0148 − 14.0 14.3 

15 0.1808 0.0146 − 14.7 14.9 

16      

17 0.1852 0.0145 − − 14.4 

18      

19 0.1854 0.0197 − 14.5 14.7 

20 0.1846 0.0167 − 14.4 14.5 

21      

22 0.1817 0.0159 NF − − 

23 0.1809 0.0136 − 14.1 14.6 

24 0.1795 0.0136 − 14.2 14.4 

25 0.1823 0.0142 − 14.6 14.7 

26      

27 0.1779 0.0179 − − 15.1 

28      

29 0.1794 0.0127 − 14.3 14.5 

30 0.1768 0.0144 − 14.6 14.7 
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31 0.1808 0.0175 − 14.5 14.8 

32 0.1722 0.0171 − 14.8 15.0 

33 0.1829 0.0193 − 14.8 14.9 

34      

35 0.1804 0.0157 NF − − 

36 0.0768 0.0149 − 14.5 14.7 

37      

38 0.1876 0.0162 − 14.5 14.6 

39 0.1838 0.0245 NF − − 

40 0.1851 0.0121 NF − − 

41 0.1876 0.0178 − − 14.7 

Total 0.1791 0.0217 8 20 24 

 

Table C.1: Diagnosis tests on a test rig with M8 bolts using a STR61-30-10 tightening tool, 

target torque level at 15 Nm, and HDT strategy. Test parameters:  𝑓𝑠 = 5 kHz, 𝑤 = 10, 

𝑐𝑙𝑖𝑚 = 5, 𝑚𝑠ℎ𝑖𝑓𝑡 = 7. 

 

The symbol “−” refers to “not occurred”, while the value indicates the level of the torque 

where a detection occurred in Nm. The term “NF” on the 𝑇0 column indicates that no friction 

variations were detected. 
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