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Summary 

Atlas Copco Rock Drills AB (hereinafter referred as Atlas Copco) develops and 

manufactures mining loaders and trucks. The mining industry desires to cut costs 

and to operate in more dangerous mines, which is why companies such as Atlas 

Copco are developing autonomous vehicles. The problem to navigate 

autonomously is however complex, so the vehicles have in the recent years 

become more intelligent; the number of computers, actuators and sensors are 

increasing. For example, an autonomous LHD (Loading – Hauling – Dump) 

vehicle has sensors including: inertial measurement unit (IMU), odometer, hinge 

angle sensor, laser range finders and cameras. The parameters for the sensors 

needs to be calibrated before the vehicle can be used in a mine. There are also a 

number of electrical currents which needs to be calibrated for the actuators. 

The calibration of parameters has traditionally been made manually, but Atlas 

Copco realizes that manual calibration is not feasible once the sales of intelligent 

mine vehicles increases. Effort is therefore put into automation of the calibration 

procedures.  

Interviews with employees were carried out at Atlas Copco to identify the most 

time consuming procedures during calibration and installation of autonomous 

mine vehicles. The calibration of steering currents was not only identified as the 

most time consuming procedure, but also as one of the most complex procedures.  

The goal of this thesis is to enable easier and quicker installation of mine vehicles. 

This is done through investigation of methods for automatic calibration of steering 

currents. The problem is approached from two angles: a grey box model using 

system identification and a black box model using neural network with resilient 

backpropagation. The models are compared to a search algorithm, used for 

simulation of the manual calibration method. In the end, the models are evaluated 

with regard to performance and ease of implementation. 

The hypothesis was that the more complex grey box or black box model would 

have higher accuracy than a simple search algorithm. However, the search 

algorithm proves to outperform the other models both with regard to accuracy and 

calibration time, and is also easier to implement. The search algorithm is thus 

suggested to be implemented instead of a complex model. Moreover, it is 

suggested that a straightforward mapping of 20 currents may outperform even the 

search calibration. It is also concluded that calibration of steering currents can be 

done when the vehicle is standing still. 
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1 Introduction 

During the last decade, mining companies and mobile equipment manufacturers 

have been developing vehicles with more and more automated functions, with the 

goal of improving efficiency, productivity and safety (Cunningham et al., 1999). 

Atlas Copco is one of these companies, with products including drill rigs, scoop 

trams and load trucks. Much effort is put into making the vehicles and their 

operations autonomous, with as little human involvement as possible as well as 

with high safety and efficiency. 

Traditionally, these types of vehicles have been driven by an operator placed in 

the vehicle. However, along with the development of automatic functions, it 

became possible to control the vehicles using radio remote control. As radio 

remote control was developed, the operator could now stand outside the vehicle 

and controlling it while being in line-of-sight. This improvement allowed the 

vehicle could be operated in more dangerous areas without impinge on the safety 

of the operator, for example during scoop loading (Scooptram RRC – Radio 

Remote Control, 2008). 

To improve the operations further, a number of cameras and sensors were 

installed on the vehicle, as well as wireless network. The sensors installed at Atlas 

Copco’s vehicles are seen in Figure 1. The operator did not have to be in the 

proximity of the mine anymore, but could be located in an operations station (OP-

station) in another city. More dangerous areas could now be operated even when 

tramming, while the operator was located in a more comfortable work 

environment (Larsson, Broxvall & Saffioti, 2010).  

As the vehicle could be operated remotely, the next natural step was to begin the 

work on automating the “load – haul – dump” (LHD) cycle, with the vision of 

letting the vehicle operate without any human interference whatsoever. Atlas 

Copco has approached the challenge by letting a driver record a route, and then let 

the vehicles run autonomously while tramming and dumping using a playback of 

this recorded route. However, loading is considered to be a more complex 

Figure 1: An autonomous Atlas Copco ST10 with sensors. The same setup is used for ST14 and 

MT42, seen in Figure 2. (Marshall, Barfoot & Larsson, 2008) 
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operation and still needs to be completed by the operator through tele-remote 

control (Larsson, Broxvall & Saffiotti, 2010).  

As the vehicles get more advanced, the need to translate electronic signals to 

mechanical actuation arises. However, since there are minor physical differences 

between vehicles, the actuators may not have exactly the same behaviour given a 

certain electronic signal. For this reason, the signals often have to be calibrated by 

a certain parameter. At Atlas Copco, some of these parameters are identified by a 

computer, while some still has to be calibrated manually. Manual calibration 

needs a highly skilled engineer and can be very time consuming. The system also 

has to be very stable; mine workers cannot be expected to have skills in 

electronics and computer engineering, so any down-time can be very costly for 

the customer. 

1.1 Objective 

Atlas Copco has prioritized to achieve high productivity of the autonomous LHD 

vehicles, which they have already achieved once the vehicle is up and running. 

However, commissioning (setting up the autonomous system at the customer’s 

site) and maintenance are very time consuming, so the objective of this thesis is to 

decrease the time needed for these actions (commissioning includes the 

calibration of sensors and installing the system at the customer site, while 

maintenance includes all downtime after commissioning is completed). Thus, the 

first objective is to identify any time consuming issues. 

1. Perform a pre-study to identify and prioritize major issues with 

commissioning and maintenance of autonomous vehicles. 

The second and major objective is to investigate methods to reduce the time 

needed for the identified issues in objective 1. It was concluded in the pre-study 

that the manual calibration of steering currents is both very time consuming and 

requires skilled engineers, the second objective is thus to investigate approaches 

for an automatic calibration of steering currents. 

2. Find a method to calibrate the steering system automatically. It should: 

a) Identify correct currents given desired steering speeds. 

b) Be at least as accurate as manual calibration. 

c) Reduce the calibration time compared to manual calibration. 

d) Not require an engineer to complete. 

e) Be able to be implemented on any hydraulic articulated vehicle 
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1.2 Limitations 

Physical access to articulated mine vehicles are very limited; Atlas Copco has 

only two test vehicles, one ST14 and one MT42, seen in Figure 2. The ST14 is a 

scoop tram with a bucket in the front, used to collect ore from an ore pile. The 

MT42 is a mine truck with a big bucket on the body, used for transportation of 

larger ore amounts. The two test vehicles are shared between departments and 

have to be booked several weeks in advance. For this reason, opportunities to 

collect data were limited. Different data collection methodologies could not be 

evaluated and focus had to be put in getting data with high resolution. 

For practical reasons, it has not been possible to participate in the setup of an 

autonomous system. In other words, there has not been any possibility to measure 

the man hours actually needed for the different parts of the process. Time 

consuming and complex processes had to be identified through interviews instead. 

Due to the complexity and number of factors that influences the steering speed, it 

was not realistic to measure all possible combinations of test cases. In addition, 

due to the time limitation and that the access to mine vehicles were somewhat 

restricted, measurements had to be performed on another articulated vehicle, 

MT42, than they were originally designed for, ST14. The test cases had to be 

somewhat modified, with the biggest reason being the absence of the pressure 

feedback on MT42, described in Section 3.2. For example, load and ground 

material should have very little if any impact on steering speed without the 

pressure feedback. Using the MT42, focus could be put into collecting data with 

high resolution instead of focusing on the external factors described in Section 

3.2. Other differences are considered to be minor.  

Atlas Copco has no simulator to use for evaluation of suggested calibration 

methods. Thus, the implementation of the methods in a real vehicle is outside the 

scope of this thesis.  

1.3 Method 

To identify and prioritize issues with commissioning and maintenance, interviews 

were carried out with Atlas Copco salesmen, technicians and engineers who have 

insight into the autonomous vehicles and customers using them. The interview 

Figure 2: Atlas Copco MT42 (left) and Atlas Copco ST14 (right). The MT42 carries load on 

the rear body while the ST14 carries load on the front body. (atlascopco.se) 
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model based on (Boyce & Neale, 2006) was used when constructing the interview 

process. The results conclude Objective 1 and are presented in Section 2, where 

the manual calibration of steering was identified as the major issue. 

The problem of automatically calibrating steering currents thus becomes the 

second and major objective of this thesis and can be approached from several 

different angles. Three different approaches are presented in 3 Empirical studies 

and are evaluated in Section 5.  

The first approach is a simple search algorithm. This algorithm is designed to 

follow a similar procedure that is used today for manual calibration, but should 

take less time. The idea of this algorithm is partly to identify how accurate the 

manual calibration method can be at best and partly to provide Atlas Copco with 

an easy implementable calibration method. 

The second method is a grey-box approach using system identification based on a 

Hammerstein model. By using knowledge of the steering characteristics, a 

mathematical model is created. The model has free unknown parameters which 

need to be identified by an optimization algorithm. 

The third and final method is a full black-box approach, where only input and 

output are considered. This is achieved by using a feed-forward neural network 

with resilient backpropagation.  

To be able to create the models, a series of data collection were conducted on a 

real articulated mine vehicle. Data was logged and analyzed in MATLAB and 

used as foundation for the models. An extra set of verification data was logged, to 

be used when analyzing the models performance. 

1.4 Related work 

Early attempts to develop autonomous mine vehicles used installed infrastructure 

inside the mine, which could be tracked by the vehicle. These methods include 

among others signal-emitting cables (Amdahl, 1972), retroreflective tape 

(Wiklund, 1988) and light-emitting ropes (Baiden, 1994). Further attempts used 

installed beacons, strategically located in the mines to assure connection with the 

vehicle (Scheding, 1999). Localization is straightforward with methods using 

installed infrastructure, but is more complex in infrastructureless systems and 

requires accurate readings from sensors installed on the vehicle (Silver, 2004). 

Atlas Copco mine vehicles use a map-based localization technique as described in 

(Marshall, Barfoot & Larsson, 2008), realized by an odometer, hinge angle sensor, 

laser range finders, as well as electrohydraulic control of bucket and steering 

(Marshall & Barfoot, 2008). The Atlas Cocpo localization technique is two-

dimensional, which is sufficient for tramming and dumping but presents a 

problem for loading. The size and location of an ore pile might change, but this is 

difficult to identify with a two-demensional approach. For this reason, 

autonomous loading has not yet been implemented at Atlas Copco. (Nüchter, et al, 

2004) proposes a modified SLAM (simultaneous localization and mapping) with 

six degrees of freedom, based on 3D-scans and Iterative Closest Points algorithm 

(ICP). Their proposal allows consistent volumetric map and may thus be 
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applicable for localization of ore piles. In (Magnusson, 2006) and (Magnusson, 

Lilienthal & Duckett, 2006), another algorithm for registration of three-

dimensional data is presented; a generalization and improvement of the normal 

distributions transform (NDT) commonly used for two-dimensional data. They 

show in experiments that their algorithm is more memory efficient and also 

slightly more reliable than ICP, thus making it a good option for application in 

mine vehicles. 

Calibration of sensors is also a challenge in autonomous vehicles. Calibration of 

the hinge angle sensor is an issue of identifying the offset after the sensor has 

been mounted on the vehicle (Olofsson, 2011). The problem is similar to those 

described in (Martinelli, Tomatis, Tapus & Siegwart, 2003) and (Madhavan, 

Dissanayake & Durrant-Whytel, 1998) and solved by combining data from laser 

scanners with odometer data. In (Olofsson, 2011) it is suggested to find the offset 

by combining data from odometer with an IMU which registers rotational speed 

and the method is implemented and tested with good results. 

Offset of the laser range finders could be identified by matching their data and 

find the smallest scan matching error, as suggested in (Olofsson, 2011), but was 

proven to be too time consuming. (Martinelli, et al., 2003) proposes the use of 

EKF (Extended Kalman Filter) together with augmentation of the state, but this 

requires that the localization is known, which may not always be the case. 

Another approach is to instead use an UKF (unscented Kalman filter) based on 

SLAM, for example as in (Martinez-Carntin & Casellanos, 2005). It is also 

possible to use a less complex algorithm which reuses the algorithm for mapping 

together with EKF and UKF (Olofsson, 2011). (Kümmerle, et al) applies a scan-

matching algorithm based on laser range finder and odometry for calibration of 

the odometer and laser sensor, similar to that of (Martinelli, et al., 2003). Their 

method also performs SLAM, but the application is on smaller urban robots. 

Bucket and steering are actuated by an electrohydraulic valve, which means the 

vehicles also have a number of electrical currents that have to be calibrated. 

(Rovira-Más, Zhang & Hansen, 2007) describes the dynamic behaviour of these 

valves and there are a number of papers which suggests different approaches in 

controlling and modelling, for example (Hofmmann & Stefanopoulu, 2001), 

(Eyabi & Washington, 2006) and (Utnik & Guldner, 1999). The general process 

and different approaches for mapping input to output are described in (Ljung, 

2009), but the comparative studies of the approaches are very problem specific, as 

in (Fei & Yang, 2012) and (Mohammadzaheri, Grainger & Basghaleh, 2012). 

Comparative studies of mapping approaches for electrohydraulic valves could not 

be found. 

This thesis is a continuation of the work by (Olofsson, 2011), and is consequently 

an investigation of how to simplify and speed up commissioning and maintenance 

of Atlas Copco articulated mine vehicles. (Olofsson, 2011) mainly handles the 

problem of calibrating hinge angle sensor and laser range finders; the works left to 

investigate are thus calibration of odometer parameter, calibration of steering 

current parameters and further improvements on the laser calibration. The 

calibrations may or may not take advantage of localization techniques such as 

SLAM, depending on the approach chosen. It was however concluded after a 
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short pre-study that this work will focus on the problem of calibrating steering 

currents, which is an independent problem without a clear connection to 

localization techniques. The applicable previous research is thus limited to the 

papers related to bucket and steering mentioned in the previous paragraph. This 

thesis contributes with a comparative study of models that map input to output of 

an electrohydraulic valve used to actuate steering in articulated mine vehicles. The 

study does not only take accuracy in account, but also estimated calibration time 

and computational complexity since the computational power on mine vehicles 

often is quite limited. 
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2 Pre-study 

2.1 Method 

It is possible that some issues regarding commissioning and maintenance of 

autonomous vehicles are unknown to the developers, as the business area is rather 

new. In order to identify common issues, as well as prioritize their importance, a 

series of interviews were conducted. 

Following the interview model by (Boyce & Neale, 2006), the first step in 

constructing an interview is to identify the stakeholders, what information that is 

to be concluded from the interviews, as well as which of the stakeholders who 

should be interviewed in order to receive the desired information. 

The interview questions were formulated in such way that technological 

difficulties are identified. The interviews should also clarify which steps in 

commissioning that are most time consuming. Furthermore, they should 

investigate if there are any issues that occur frequently, as well as how time 

consuming these issues are. 

The commissioning and maintenance are divided into five parts: sensors, operator 

station, safety system, communication system and the system as a whole. 

The stakeholders selected to be interviewed are employees of Atlas Copco with 

insight into the development and market of autonomous vehicles: 

 Two developers, R&D Automation department,  with close contact to 

customer 

 One developer, R&D Automation department,  with good insight in 

calibration of the vehicles 

 One technical service engineer, Market department, with close contact to 

customer 

Contact with customer is normally only done through the Market department, 

which is why it was decided to exclude them from the interviews. 

An interview protocol was developed and can be found in Appendix A. The 

interviews were audio recorded and notes were taken during the process. The 

notes and audio were compiled into a document after each interview; these 

documents were in turn analyzed and summarized when all the interviews had 

been conducted. 

The questions were kept open-ended and no effort to steer the interviewee in any 

direction was made. Some follow-up questions were asked when suitable, so a 

few questions had minor differences. Questions were formulated with regard to: 

 Calibration and maintenance of sensors and output currents 

 Installation and maintenance of OP-station 

 Installation and maintenance of PLC Safety System (Safety gates) 

 Installation and maintenance of communication system (Network) 



 

15 

 

Physical installation of sensors is considered to be a part of the production line 

and thus not a part of commissioning.  

2.2 Results 

The goal of the interviews was to identify issues from different stakeholder’s 

point of view, which resulted in answers that differed quite a lot from interview to 

interview. It was difficult to see a clear pattern, although some similarities could 

be identified. It became clear that calibration of the vehicles is a complicated 

procedure; it was for example stated that “some of the calibration is difficult to 

perform even for service engineers”. Another interviewee said that “you need to 

really know how the system works in order to calibrate the parameters; it’s not 

something that the customer can do”. Only a few people have knowledge of how 

to perform the whole calibration procedure on their own. 

The documentation is in general considered among the interviewees to be 

satisfactory, although availability and knowledge of where the documents are 

located seems to be lacking. One interviewee said that they can receive any 

information they need by writing an e-mail and asking for it, but considers the 

information to not be that accessible since they have to wait for a reply. He 

thought “it would be better if the information could be shared through a common 

system”. 

The interviewees were asked about the most difficult parts during calibration of 

the vehicles, but not everyone could give a clear answer since only a few people 

know how the calibration is actually carried out. Thus, it is reasonable to 

emphasize the answers of the engineers who actually perform the calibrations: 

they stated that calibration of the steering currents is by far most difficult. The 

reason it is difficult is because it is a highly manual task with “trial-and-error” 

approach. Steering speeds are also very unstable, meaning they are difficult to 

verify even after they calibrated. Furthermore, the calibration time for the steering 

currents is roughly half an hour, given it is performed by an experienced engineer. 

A couple of issues were identified with regard to maintenance of sensors, OP-

station, safety gates and network. However, all the issues were already fixed or in 

the process of being fixed, most likely because the customer reports these 

problems to Atlas Copco as they occur. For example, all interviewees identified 

communication with the VCG (lost connection with OP-station) as the problem 

which problem which caused most down-time and it was already in the process of 

being solved. 

Since only a few people knew how to calibrate the vehicles, it is concluded that 

anything that can be done to simplify or automate the calibration procedure would 

be of great value to Atlas Copco and their customers. Furthermore, the persons 

who did have knowledge of the calibration procedure identified the calibration of 

steering currents as the most difficult, which makes it a good candidate for 

automation. The autonomous vehicles are still in the introduction phase, but “the 

commissioning needs to be both simpler and faster as the sales increases”, as 

stated by an interviewee. As concluded from the interviews, the next step would 

be to implement an automatic calibration method for steering currents. 
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3 Domain and techniques 

3.1 System overview 

The Atlas Copco autonomous vehicles include a number of sensors, most of 

which needs to be calibrated in order to find correct parameters. This is done by 

engineers at Atlas Copco before delivery to customer. 

Once the Atlas Copco LHD vehicle has been calibrated and delivered to the 

customer, the desired operation route has to be recorded. In the case of a ST14, 

this is done by a procedure visualized in Figure 3. The vehicle is driven in the 

desired operation path while logging data from the sensors. The collected data 

during this route recording can then be processed (offline) into a route profile. The 

route profile contains information about the travelled path, a sequence of maps, 

pause points (e.g. for loading and dumping material), as well as information about 

speed along the path. The maps local, drawn at set intervals and are merged to a 

single atlas map by comparison of sensor data. An example of merging atlas maps 

is seen in Figure 4; map 1 and 2 are local maps which are merged with other local 

maps into an inconsistent map, map 3. The sequence of local maps are compared 

both with each other and with stored sensor data to create a corrected monolithic 

map, map 4. Map 4 is the global map which can be processed by a number of 

control algorithms during playback to achieve autonomous tramming (Marshall, 

Barfoot & Larsson, 2008) 

Figure 3: The process of achieving autonomous driving. The operation route is taught to the 

vehicle by driving in the desired path while logging data from sensors. The data is processed into a 

route which can be replayed autonomously. (Marshall, Barfoot & Larsson, 2008) 
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Figure 4: Local and global atlas maps. Map 1 and 2 are local maps which are merged with other 

local maps into map 3. The inconsistencies are corrected by an algorithm, thus creating map 4. 

Grey boxes represent the centers of local maps. (Marshall, Barfoot & Larsson, 2008) 

Dumping is completed autonomously, while loading is done using tele-remote 

controlling from an operation station at a remote location. Communication with 

the operation station is achieved by wireless network, which means a number of 

access points have to be installed in the mine (Scooptram Automation, 2011). 

Having a vehicle run autonomously in a staffed mine provides a number of safety 

issues. For example, the laser range finders are mounted on the top of the vehicle 

and will not register obstructions below their horizontal position that is 2.5 meters 

above ground. This is obviously a safety threat if humans are operating in the 

same area. Thus, a number of safety gates are installed at every entrance to the 

area where the LHD vehicle is operating. If any of the safety gates are obstructed, 

the vehicle will automatically stop. The safety gate then has to be reset manually 

before the vehicle can be restarted. Furthermore, if the vehicle gets “lost”, 

meaning it fails to match the sensor data with the registered route, it will stop 

automatically (Scooptram Automation, 2011). 

3.2 Steering system 

LHD’s are articulated mine vehicles and consists of a front and rear body, which 

rotates relative to each other. As seen in Figure 5 the wheels are fixed and parallel 

with respective body and steering is achieved by driving an articulation joint. In 

the case of Atlas Copco articulated mine vehicles, the articulation joint is driven 

by hydraulics.  
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Figure 6 shows steering system. As visualized, the hydraulics is controlled by a 

valve which is connected to a pump. The valve is opened and closed by the use of 

an electromagnet. In order to get the desired steering speed, the correct current 

needs to be sent through the electromagnet. The current is controlled by an I/O-

module (determines the input - output signals and can handle both analogue and 

digital signals). The I/O-module is connected to a Display module (Disp) by a 

CAN bus. The Disp is where the software is installed and it decides the input and 

output signals of the I/O-module (see Figure 6). The route profile is stored in the 

Display module along with data of desired steering speeds. The problem of 

Figure 6. Steering system. Steering is achieved by a valve that controls the flow of oil in the 

hydraulics. The valve is in turn controlled by electric currents from an I/O-module. Magnitude 

of the currents is decided by software in a Disp. 

Figure 5: Steering mechanism. S amd S’ are the steering actuator forces created 

by the hydraulic cylinders c1 and c2. W is the lateral forces due to tire adhesion 

(Yavin, 2004). 



 

19 

 

calibrating steering currents is thus to teach the software in the Disp the mapping 

of steering speeds to electrical currents. 

The maximum and minimum current sent through the electromagnet will decide 

maximum and minimum steering speeds. The desired maximum steering speed is 

0.25 rad/s, thus the maximum current will be the current providing this speed. The 

minimum current can be regarded as an offset (or a dead band), i.e. when the 

hydraulics starts to give a significant reaction. The minimum current has 

traditionally been set to 5% of the maximum steering speed, which in this case 

would be 0.0125rad/s. An example of steering speed in relation to the currents is 

illustrated in Figure 7, where 0 – 250 mA can be regarded as the offset. When 

maximum and minimum currents have been identified, a coefficient can be 

calculated to provide the corresponding currents for speeds between those two 

values. Even though the steering speed is not linear with regard to input current, it 

has still traditionally been approximated to be linear between the maximum and 

minimum steering speed (Larsson, 2012). 

  

Figure 7:  Mean steering rate in relation to current applied from a number of trials, in both 

positive and negative turning directions (blue line). X-axis is input current, Y-axis is steering 

speed. Red line shows the result of a current calibration method, where the relation between 

current and speed is estimated from a pre-defined minimum and maximum steering speed (x and y). 

This data is from a ST14. 

There is also a pressure feedback system to the valve, forcing the valve to close 

when the hydraulics are experiencing high load pressure (e.g. due to friction or 

high steering angle). The feedback makes it harder to steer for the operator and 
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significantly increases the current needed during high pressures. The pressure 

feedback system was originally designed to give the driver feedback of driving 

conditions, as well as reducing instability in the steering system. However, his 

feedback creates nonlinearity and is thus a problem for autonomy. With regard to 

autonomy, the feedback should not be necessary. 

Data from previous runs was analyzed to decide how measurements should be 

conducted. Mean values of steering speed were calculated at each current; the 

results are shown as blue line in Figure 7. Worth noting is that the stored data 

comes from a ST14 with pressure feedback and is expected to differ from 

measurements on a MT42 without the feedback. Sample interval in the log files is 

0.04 seconds and the total number of samples in Figure 7 is approximately 35,000. 

The data shown in the graph is of low resolution; currents are measured in 50 mA 

intervals from ± 250 mA to ± 650 mA. The current is reset to 0 between each 

measurement. There is a lack of data between 0 mA and ± 250 mA, but the 

steering speed is known to be zero between these values as a result of the valve 

dead band. 

The current offset and coefficient previously described may be subject to several 

external factors. The most important factors are listed below:  

1. Vehicle differences – Since the vehicles are heavy and technologically 

advanced machinery, there may be minor differences from one vehicle to 

another that affects the steering. For example, tolerances in mechanical 

parts, hydraulic cylinders and valves, may affect the steering currents. 

2. Vehicle velocity – The static friction coefficient, µs, is usually larger than 

the kinetic friction coefficient, µk.
 
Thus; a moving object is subject to less 

friction than a stationary object. Assuming the vehicle does not drift, it is 

subject to a rolling friction coefficient instead, which is generally even less 

than the kinetic friction coefficient. Since the vehicles are articulated, it is 

assumed that they are both rolling and slipping when steering, with a 

friction coefficient less than µs. It is concluded that it requires more force 

to perform steering from a stationary position than if the vehicle is 

moving, which in the case of the mine vehicles means more pressure in the 

hydraulics. If the vehicle has pressure feedback installed, then higher 

currents are needed through the electromagnet when the vehicle is 

standing still. 

3. Ground material – The friction coefficients will differ with regard to 

ground material. Therefore, the same current may give different steering 

speeds depending on the surface. The ground materials common in mines 

are asphalt, gravel and concrete. 

4. Tire characteristic – The Atlas Copco mine vehicles are usually equipped 

with deep treaded tires when operating on asphalt or concrete and with 

slicked tires when operating on gravel. The contact surface is dependent 

on the type of tires used, thus affecting the friction.  

5. Load – Mass affects the normal force and consequently also the friction 

force. For example, the Atlas Copco scooptram ST14 weights 38 tonnes 
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and have a standard tramming capacity of 14 tonnes, which means that the 

total mass is likely to change with more than 35%.  

6. Oil temperature – Hydraulic engineers at Atlas Copco have noticed some 

variations when oil temperature changes in valves similar to the ones used 

on the LHDs. 

7. Engine speed – An unknown engine speed has to be reached before the oil 

pump is working at full effect, i.e. provides maximum oil flow. 

To determine which external factors actually do affect the offset and coefficient, 

an investigation had to be carried out and this is further described in Section 4. 

3.3 Algorithm engineering 

Algorithm engineering is a development branch from algorithm design, which 

takes the theoretical approach and combines it with prototypes and modelling 

through input / output data. The idea is to sacrifice some of the accuracy that a 

fully mathematical design approach could provide and in turn gain a sufficient 

accurate algorithm in a much shorter design cycle (Gretlein, 2007). Algorithm 

engineering is usually broken down into five steps, as shown in Figure 8.  

 

 Goal – Establish desired attributes 

 Idea – Come up with a target algorithm 

 Design – Adapt target algorithm to the problem 

 Prototype – Construct a preliminary method for validation 

 Deploy – Deploy to hardware 

Algorithms differ in time and space complexity, completeness and ability to find 

optimal solution (Russell, 2003). Furthermore, algorithms are problem specific 

and might not be applicable to certain problems. Even when applicable, some 

Figure 8: The five steps of algorithm engineering (Gretlein, 2007).  
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modifications are often needed to adapt it to the current problem. This thesis 

focuses on the first four steps and does not include the deployment of the 

algorithm. 

 Goal – The goal for the algorithm is the same as the second objective 

mentioned in Section 1.1: 

a) Identify correct currents given desired steering speeds. 

b) Be at least as accurate as manual calibration. 

c) Reduce the calibration time compared to manual calibration. 

d) Not require an engineer to complete. 

e) Be able to be implemented on any hydraulic articulated vehicle 

 Idea – The idea is to evaluate the performance of three different 

approaches to algorithm engineering: 

1. Simple search algorithm, see Section 3.4. 

2. Grey box modelling using system identification, see Section 3.5. 

3. Black box approach using neural network, see Section 3.6. 

 Design – The algorithms are adapted to the problem in Section 5.  

 Prototype – The models are evaluated and compared in Section 0. 

 Deploy – Deployment is outside the scope of this thesis 

 

3.4 Search algorithm 

The calibration method for steering current in Atlas Copco articulated mine 

vehicles is today done manually. The procedure starts by driving the machine 

slowly while outputting a user-specified current and the steering rate 

corresponding to the used current is then displayed on a screen. To identify the 

currents which results in the pre-defined maximum and minimum steering rates, 

repeated tests are carried out (the pre-defined values and how they are connected 

is visualized in Figure 7). If the steering rate is too slow, the current is slightly 

increased for the next test and vice versa if the steering rate is too fast. Because of 

the previously described nonlinear characteristics of steering due to pressure 

feedback, the tests are done at small hinge angles (±15°). Currents for steering 

rate have to be identified for both clockwise and counter-clockwise steering. In 

summary, it is a highly manual task with “trial-and-error” approach. Moreover, 

the readings are noisy and dependent on the external factors previously described, 

so it is not uncommon that the steering speed varies with ±0.05 rad/s with the 

same output current (Larsson, 2012).  
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The calibration procedure can easily be represented by a hill climbing search 

algorithm. It is a greedy algorithm with low space complexity, but may not 

guarantee completeness (or optimality), depending on the objective function. The 

basic idea of the algorithm is to adjust a single element of a function and then 

evaluate if the new solution is better or worse than the last one. If it is better, the 

algorithm moves to that position and the process is repeated until it reaches a state 

it cannot improve by just evaluating one adjustment. In a problem several local 

optimum there is a risk of getting stuck in a sub-optimal solution. In some cases it 

may fail to find any solution whatsoever. The hill climbing algorithm has some 

advantages: it is very fast and accurate in a limited environment without local sub-

optimal solutions (Russell, 2003).  

The calibration of steering currents has traditionally been handled by estimating 

the system as linear between two given steering speeds. Taking a ST14 as an 

example, 0.0125 rad/s and 0.25 rad/s were used as minimum and maximum 

steering speeds respectively. The main issue of the calibration has been to find 

currents which give a steering speed close to these values and this has up until 

now been done manually. 

3.4.1 Model 

The trivial method to fulfil the goals given above is to implement an automatic 

procedure which follows the same procedure as the manual calibration, just faster 

and more accurate. This can be achieved by a search algorithm which identifies 

the currents given set minimum and maximum steering speeds and then assuming 

linearity between these two values. This is necessary for steering both left and 

right, which means four currents have to be identified in total. 

Assuming steering speeds above 0.25 rad/s is never desired, the valve can be 

assumed to never be completely opened and the instability of steering speed at 

high currents is thus avoided. We are left with a continuous nonlinear system 

without any local optima or plateaus, as long as the valve threshold has been 

passed. Given the pre-defined minimum and maximum steering speeds (0.0125 

rad/s and 0.25 rad/s), the corresponding currents can be found by searching with a 

simple Hill Climbing search algorithm. Once found, the system is estimated to be 

linear between these values. We assume the system will only ask for steering 

speeds within this range; there is thus no need to define steering speeds higher 

than the defined maximum value. 

function HILL_CLIMBING(desired_speed) returns current 

current = initial current 

step = initial step 

e = threshold 

loop do 

 SEND_OUT(current) 

 WAIT() 

 MEASURE(speed) 

 if speed < desired_speed – e 

  current = current  + step 

 else if speed > desired_speed + e 
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  step = step / 2 

  current = current  - step 

 end 

return current 

The corresponding state chart is shown in Figure 9. 

 

Figure 9: State chart. Parameters needed are initial current, time to wait and the initial step X to 

increase or decrease current with. A threshold is also needed to determine the range of acceptable 

steering speeds. 

 

3.5 System identification – Gray box modelling 

Physical insight into system behavior can be utilized to construct a semi-physical 

model, also called a gray box model. Depending on the system characteristics, 

there are a number of models that can be used; for example Wiener models, 

Hammerstein models, or linear regression models. Modelling with a Wiener or 

Hammerstein model is suitable in a situation where there are static nonlinearities 

at the input and / or output, while a linear system can be used to describe the 

dynamics. As visualized in Figure 10, the Hammerstein model has static 

nonlinearity at the input, while a Wiener model has static nonlinearity at the 

output. If there is static nonlinearity at both input and output, then it is referred as 

a Wiener-Hammerstein model (Ljung, 2007). The model describes systems with a 
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nonlinearity created by actuators very well, for example valves, electromagnetic 

motors, etcetera (Nelles, 2001). 

 

Figure 10: Block diagram of Hammerstein – Wiener model (Patikirikorala, 2012). A 

Hammerstein model only contains the first two blocks, while a Wiener model only contain the last 

two blocks. 

 

The Hammerstein model is represented by following equations (Narenda, 

1966)(Gallman, 1973):  

  ( )   
 (   )

 (   )
 ( )   ( ) ( 1 ) 

with 

  (   )         
        

   ( 2 ) 

  (   )        
        

   ( 3 ) 

 

and 

  ( )      ( )     
 ( )        

 ( ) ( 4 ) 

x(k) is the intermediate variable, i.e. the output from the static nonlinearity.  

u(k) is the input, w(k) is the output and v(k) is the noise (see Figure 11). q 

represents the time delay of the system. 
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The purpose of the Hammerstein model is to identify the parameters a1, … an,  b0 

… bm and c1, … cL. The static nonlinearity and linear dynamics are identified 

separately. 

 

 

 

3.5.1 Static nonlinearity 

The static nonlinearity is approximated by a polynomial g, and to improve 

efficiency, a linear parameterized approximation is often used. The static 

nonlinearity is problem specific and could be identified through approaches such 

as MLP networks and Fuzzy models (Nelles, 2001). Another approach is to 

introduce a number of unknown free parameters   with physical interpretation and 

then run an optimization algorithm to fit them to the data. The intermediate 

variable x(t) thus becomes: 

  ( | )   (      ) ( 5 ) 

where t is time, theta is a vector of free parameters and Z is a parameterized 

mapping of past inputs and outputs (Ljung, 2007). 

3.5.2 Linear dynamics 

The linear dynamics can in the simplest case be represented by an ARX model, 

i.e:  

 

 ( )    ( (   )        (    ) 

    (   )         ( ) 
( 6 ) 

To add flexibility, the equation error can be described as a moving average of 

white noise, creating the ARMAX model: 

 

 ( )     (   )        (    ) 

    (   )         ( )     (   )        (    ) 
( 7 ) 

Figure 11: Hammerstein model. x(k) is the intermediate variable when the model is broken down 

into static nonlinearity and linear dynamics. 
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3.5.3 Model 

The nonlinearity is a result of the valve threshold: opening and closing of the 

valve is considered to be an input nonlinearity, while the output is regarded to be 

linear since the pressure feedback described in Section 3.2 is removed. As stated 

in Section 3.5 the Hammerstein model is a suitable system identification method. 

In the search algorithm, we assumed linearity between two given steering speeds 

(resulting in two linear functions, one for each steering direction). In the 

Hammerstein static nonlinearity we take it one step further: we do not wish to 

provide minimum and maximum steering speed, but want the algorithm to 

approximate the speed for the whole range of currents. Since the computational 

power on the vehicle is limited, we do not want the algorithm to be too advanced; 

we thus assume that it is sufficient to approximate the static nonlinearity with a 

piecewise linear model. The free parameters which need to be identified by grey 

box algorithm are the breakpoints between the linear parts, represented by green 

circles in Figure 12. 

Each breakpoint is represented by two free parameters: one for current x and one 

for steering speed y. The model has eight free parameters in total, as in the 

following matrix: 

    [

    
    
    
    

] ( 19 ) 

Figure 12: Static nonlinearity approximated to piecewise linearity (arbitrary currents and speed in the 

same magnitude as analyzed data). The green circles represent the breakpoints in a piecewise linear 

model, that is an approximation of the static nonlinearity. 
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Each row represents a breakpoint, where the first row is the leftmost breakpoint 

and the last row is the rightmost breakpoint in Figure 12. The parameters will be 

subject to following limitations: 

 

      

      

      

      

( 20 ) 

and have the following boundaries: 

 

                   

          

                   

          

                   

         

                   

         

( 21) 

min_current is in this case the maximum negative steering speed (steering right) 

and max_current is the maximum positive steering speed (steering left) 

The following matrices can be constructed from the boundaries: 
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] ( 24 ) 

where lb is a matrix of the lower bounds and ub is a matrix of the upper bounds. 

A, x and b represent the limitations according to Ax < b. This constrained 

nonlinear function will represent the static nonlinearity of the Hammerstein 

model. The free parameters are identified by optimization using MATLAB 

function fmincon (MathWorks, 2013). 

The linear dynamics are modeled with the common ARX as explained in (Ljung, 

2008).  

 

3.6 Neural network – Black box modelling 

A neural network is a self-adapting algorithm; the basic idea is to try to simulate 

how the brain works by modelling neurons and synapses digitally. The neurons in 

a neural network are often structured in layers, where all neurons in a layer have 
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the possibility to communicate with each neuron in the following layer, as the 

feed forward network shown by Figure 13. Each input to a neuron has a weight 

associated with it, which it is multiplied with as it enters the neuron. Once all the 

inputs have been multiplied by its weight, they are summed up and provide the 

neuron with its activation value. If the activation value is greater than a certain 

threshold, the neuron will be activated and send out a signal to the neurons in the 

next layer. In the trivial case, the neuron will send out a 1 if the activation value is 

greater than the threshold and a 0 if it is smaller. If scalars are desired, the output 

signal can be constructed as an activation function, which modifies the output 

according to a certain function (Bishop, 2006).  

To determine the weights for all inputs and the threshold for all neurons, the 

neural network has to be trained. Training is done by providing the network with a 

set of data containing input and outputs, called a training set. The weights and 

thresholds can be adjusted by several different methods, a common method is 

backpropagation.  

What activation function that should be selected depends on the problem, it can 

for example be a linear function to scale or divide the data, or a sigmoid function 

for nonlinear outputs. The activation function must be differentiable for 

backpropagation learning and if it is bounded it helps even further. Because of this 

reason, hyperbolic tangent and logistic functions are commonly used in 

backpropagation. 

There are no formal theories or proofs of how to determine the size of a neural 

network with the complexity of the problem as foundation (Ostafe, 2005). The 

first and last layer is trivial and given, since they correspond to input and output. 

As for the hidden layers, it is dependent on the complexity of the problem. If it is 

a linear problem, no hidden layer is needed at all. For nonlinear problems, at least 

one hidden layer is needed to get good results. One issue is however that 

additional hidden layers do not necessarily improve the performance, while they 

still add computational complexity, so the number of layers should be kept 

minimal. It also is possible to get good results with only one hidden layer in 

networks with continuous nonlinear activation functions (Hornik, 1993), while 

two hidden layers are needed with networks using step or threshold activation 

functions (Sontag, 1992).  

The number of hidden neurons is difficult to estimate and often has to be decided 

by trial-and-error. If the neurons are too few, then the error will be high due to 

underfitting and high generalization. On the other hand, if the neurons are too 

many, the training time will increase and overfitting might occur due to modelling 

noise (Geman, Bienenstock and Doursat, 1992). 
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3.6.1 Backpropagation 

Given the training set with input and output, training examples are created from 

each sample as (xi→,yi) where xi is input and yi is output. The neural network 

should ideally give output yi when xi is given as input. To determine how accurate 

the neural network is for each training example, the error is measured as squared 

difference between the prediction of the neural network and the actual output in 

the training set:  

   ∑( (  )    )
 

 

   

 ( 8 ) 

 

where h(xi) is output produced by a neuron: 

  (  )   (    ) ( 9 ) 

where σ(x) is he activation function.  

For hidden layers, each neuron has a number of inputs, each associated with an 

input specific weight. The inputs are defined as 

   (          ) ( 10 ) 

and the weights as 

   (          ) ( 11 ) 

Figure 13: Neural feedforward network. Squares represent the 

inputs, circles represent neurons. 
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The sum of the weighted inputs to a neuron j is then  

    ∑    

 

   

 ( 12 ) 

for k inputs and the output is the activation function of sj ,  (sj). 

To find the weights that minimizes the error measure, gradient descent is 

calculated by  

 
   ( )

 ( )
 ( 13 ) 

sj and ak are calculated by forward-propagation, while weights are calculated 

backwards by gradient descent of error measure: 

     ( )    
  

    
      (   ) ( 14 ) 

where e is learning rate and a is momentum.  

Backpropagation has been widely used since it was introduced 1974, but suffers 

from a disadvantage; it requires a good choice of e and a. If it they are too small, 

it will take too long time to reach a solution; but if they are too large, oscillation 

might occur and in the worst case preventing the algorithm from reaching any 

solution at all (Riedmiller, 1994). Adjusting these parameters can be both difficult 

and time consuming. 

3.6.2 Resilient backpropagation 

The basic idea of resilient backpropagation (RPROP) is to speed up the learning 

process of backpropagation, as well as reducing dependency on well-chosen 

parameters (Riedmiller, 1994).  

The standard backpropagation algorithm is highly dependent on the size of the 

partial derivative on the weight step – this is solved in RPROP by disregarding 

size and only consider the sign of the derivative. The size is instead determined by 

an update value: 
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The algorithm uses batch learning, which means 
  

    
 denotes the summed 

gradient information over all patterns of input and output in the data. New update 

values are updated according to named sign-dependent adaptation process: 

 
   
( ) 

{
  
 

  
      

(   )     
  

    

(   )

 
  

    

( )

  

     
(   )     

  

    

(   )

 
  

    

( )

  

   
(   )                                                     

 

                  

( 16) 

In words, if the partial derivative of a weight changes its sign compared to the last 

update (meaning the algorithm missed a local minimum), the weight step is 

decreased by a factor   . If the partial derivative retains its sign, the weight step is 

increased by a factor    to accelerate convergence. The weight itself is then 

increased or decreased by the weight step depending on the sign of the derivative. 

The only exception is when the derivative changes sign, then the algorithm 

backtrack one step and ignores adaptation of the weight step in order to prevent 

double punishment (Riedmiller, 1994).  

A few parameters have to be provided to RPROP. The decrease factor    is 

suggested to be set to 0.5, by the argument that since it is not possible to derive 

how much the minimum was missed, it will on average be a good guess to halve 

the update-value (Riedmiller, 1994). Furthermore, it was shown that    at 1.2 

gave good results in various experiments. As for the initial update-value, it was 

concluded that it is uncritical, as it is adapted through the learning process. 

Maximum step size should be set to a reasonable value with regard to examined 

problem, to prevent getting stuck in suboptimal local minima. Minimum step size 

should be fixed to a small value, for example 1e
-6

. The pseudo-code of RPROP 

can be found in appendix B. 

3.6.3 Model 

The system only has one input (current) and one output (steering speed) and by 

visualizing the mapping (Figure 14, Figure 15 and Figure 16) it can be assumed 

that there exists a pattern. In Section 4.2, the pattern was approximated from 
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known characteristic of mechanics, while this section will model the pattern 

without premade assumptions, known as black box modelling. 

Three major decisions have to be made before running the logged data through a 

neural network:  

1. How many layers should the neural network have? 

2. How many neurons should each layer have?  

3. What activation function should the layers apply?  

These decisions are often made quite quickly through trial-and-error and can also 

be confirmed by prior work in similar problems. Another common approach is to 

optimize through for example pruning techniques, genetic algorithms and swarm 

optimization. This may be useful for big complex problems, but not deemed to be 

necessary in this single-input-single-output problem, which is why prior work 

combined with trial-and-error has been used to answer the questions. 

The activation function is needed to model nonlinearity and must be differentiable 

for backpropagation learning. If the activation function also is bounded, it helps 

even further. Commonly used activation functions are sigmoid functions. Because 

of its simple implementation, logistic function was used in the hidden layers to 

model the nonlinearity: 

  ( )  
 

   
 
 
 

 ( 25 ) 

where p is the gain.  

To allow input and output to be scaled, a simple linear activation function was 

used in the input and output layers: 

  ( )      ( 26 ) 

F is the factor which the input is scaled by. 

The problem to solve is nonlinear, which concludes that at least one hidden layer 

is needed. The activation function is continuous nonlinear but does not use step or 

threshold activation, so it should not be necessary to use more than one hidden 

layer. 

Since there is no formal method to decide the number of neurons needed, the 

approach has to be trial-and-error. The goal will be to keep the number of neurons 

as few as possible to avoid overfitting and limit computational complexity. The 

input and output are trivial – one neuron each. 
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4 Empirical studies 

4.1 Data collection 

To identify the characteristic of steering speed with regard to currents and factors, 

a number of test cases for data collection were constructed. Due to time limitation, 

it is not feasible to test all possible combinations of factors. The following 

restrictions were made: 

 Vehicle differences – It was only possible to get access to one vehicle. 

Thus, it was not possible to compare results from different vehicles. 

 Vehicle velocity – The differences of current needed for steering when 

driving slow compared to driving faster is estimated to be very small. 

Thus, with regard to velocity, tests will only be made while stationary and 

while driving slowly. 

 Tire characteristic – The test vehicle has treaded tires mounted and 

changing them is very time consuming and require special personnel. 

Thus, all tests were performed with treaded tires. 

 Load – The mine vehicles are loaded either in a scoop on the front body or 

in a box on the rear body. Since the calibration method is to be vehicle 

independent, no consideration of load should be taken at this stage. This 

should not affect the evaluation of methods. Moreover, the currents cannot 

change depending on load in the current system. 

 Oil temperature – To let the hydraulic oil cool down between tests would 

greatly increase the time needed to perform all tests. Furthermore, even 

though oil characteristics and behaviour will change in proportion to 

temperature, the flow of oil through the valve is very small and shall 

theoretically not affect the pressure regulation. Additionally, the vehicle 

should not operate with cold oil. 

 Engine speed – The vehicles are always run with high engine speed, so it 

should not be necessary to take this into consideration as long as the 

calibration itself will be done at high engine speed. 

During the progress of the thesis, it was decided that autonomous vehicles should 

not have the pressure feedback to the valve and the method for automatic 

calibration of steering currents should be implemented on a vehicle without 

named feedback. To carry out the measurements within the time frame of the 

thesis, the measurements had to be performed on a mine truck (MT42), instead of 

a scoop tram (ST14), which was the original plan. The steering geometry and 

external factors are still the same, so this should not affect the end result. 

However, calibrating with load will be different, since MT42 carries load on the 

rear body, while a ST14 carries it on the front body. 

The measurement methodology follows the description in (Larsson, 2012).  

4.2 Pilot measurements 

Given the characteristic in Figure 7, Section 3.2, nonlinearity can be identified 

near the minimum current threshold for the valve and at higher steering speeds, 
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but there seems to be piecewise linearity in between. A hypothesis is that it is 

needed to measure with high resolution along the thresholds and at high currents 

in order to get good measurements, while lower resolution can likely be accepted 

within the piecewise linearity.  

A first series of tests were conducted in order to evaluate the measurement 

method, as well as investigating the characteristic of steering currents in relation 

to steering speed on the new vehicle (MT42).  

The minimum current threshold for the valve is known to be around 370 mA, so 

measurements with higher resolution are desired around currents of this 

magnitude. Steering speeds were thus measured in steps of 10 mA from ± 340 mA 

to ± 420 mA and in steps of 20-30 mA for values above 420 mA. Each current 

were measured twice. With exception of 0 mA, no speeds at currents lower than ± 

350 mA were measured and all tests were conducted while driving at slow speed.  

The results from the pilot test are shown in Figure 14. No more than two test cases 

were carried out at each current and some deviations are apparent. Analysis of log 

files shows that the deviations can be explained by underestimation of speed 

settling time. For example, the current at 500mA was tested for less than one 

second and never settled at a speed, which evidently had a big effect on its mean 

value. Further analysis of log files showed that it takes approximately 30 samples 

before the speed settles at a value after changing the current, which corresponds to 

1.2 seconds. Figure 15 shows a sample with input current and output steering 

Figure 14: Pilot measurements. Blue line shows mean steering speed for all samples. Green 

circles represent test cases, i.e. each time a current was tested. The deviations seen at for 

example 0 mA and 480mA is a result of insufficient speed settling time between test cases. 



 

37 

 

speed and the delay of approximately 30 samples. The settling time has to be 

taken into consideration when collecting new data.  

Based on the speed settling time, it is suggested that the current is being sent out 

for at least 2 seconds to not let these first samples distort the achieved steering 

speed too much. An average of the speed during the last 0.8 seconds is then used 

to model characteristics. The log and Figure 15 also shows that 30 samples were 

also needed for the speed to settle to zero after each test case, one current can thus 

be tested in 3.2 seconds 

Following are the conclusions from the pilot measurements: 

 More measurements at each current are needed to evaluate deviations and 

to provide a number of training sets for the estimation models. Four 

measurements at each current should be sufficient. 

 Data has to be collected with higher resolution for the full range of 

currents, to reduce nonlinearity caused by lack of data points. Moreover, 

this allows evaluation of the number of measurements needed to create 

each estimation model. 

 The MT42 steering speed nonlinearity is within similar range as the ST14. 

It may be possible to create models by only measuring with high 

resolution in these ranges, i.e. ± 350 – 390 mA and ± 450 – 490 mA. 

Figure 15: Sample of input current (dashed lines) and output steering speed (solid line). Input 

current is scaled to fit the data. The delay (settling time) is identified as approximately 30 samples. 
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 The settling time has to be removed from log files to get meaningful 

representation of average steering speeds. This is of greater importance at 

higher steering speeds, where vehicle geometry limits the time we can 

steer in each direction. 

 Verification data has to be collected; the data should contain different 

currents but in the same range as the other measurements. This data is to 

be used when evaluating the models. 

 Steering speeds with the vehicle standing still has to be collected and 

evaluated, since standing still would simplify the practical aspect of an 

automatic calibration. 

4.3 MT42 measurements 

The second series of measurements were based on the conclusions from Section 

4.2. Steering speeds was measured with steps of 10 mA from ± 340 mA to ± 620 

mA, four measurements at each current and while driving slowly. The data was 

then split into four equal sets of measurements and was also filtered; settling time 

before the speed stabilizes was removed. The process was repeated with the 

vehicle standing still and the mean values of steering speeds can be seen in Figure 

16. The deviations previously noticed are no longer apparent and the piecewise 

linearity is both longer and more distinct. This is likely a result of measuring with 

higher resolution, as well as removing steering speed settling time. It is notable in 

Figure 16 that the deviation around the minimum current threshold is higher when 

standing still, which can be explained by static friction. The small deviation at this 

threshold should however not make any difference since only steering speeds 

above 0.0125 rad/s are of interest. It does thus not matter if the vehicle is driving 

or standing still when calibrating the currents in the area of interest. These results 

are very different from expected; previous experiments at Atlas Copco has shown 

that it requires a significant higher current to steer the vehicle while standing still. 

These previous experiments were however done on a ST14, so the explanation 

could be that this is an effect from removing the steering feedback system. Since 

standing still greatly simplifies the process of an automatic calibration method, the 

models evaluated in this thesis will be based on this data. Four sets of data, each 

containing one measurement at each current were created from the data and will 

henceforth be referred as learning data. 

Verification data was also collected, both when driving and when standing still. 

This data was, as with the other experiments, collected in the range of ± 340 mA 

and ± 620 mA with four measurements on each current. The mean steering speed 

at each current was calculated. It is however unlikely that the vehicle will only use 

currents in intervals of 10mA, so the interval between tested currents in the 

verification data was more random.  

Because of the piecewise linearity of the system with nonlinearity only around the 

minimum current threshold for the valve and at high currents, a hypothesis was 

that it should be sufficient to construct a model with measurements only within 

these ranges. To evaluate this hypothesis, the learning data was filtered into only 
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containing currents in the ranges 350 – 390 mA and 450 – 490 mA, with 10 mA 

intervals. This set of learning data will be referred as filtered data. 

4.4 Time 

It was concluded from Section 4.2 and Figure 15 that approximately 30 samples 

were needed before the steering speed settled at a value and this was confirmed to 

also be the case on the MT42 measurements. The data collection tested 29 

currents in each direction, a total of 58 currents. Assuming we test the same 

magnitude of current in both directions consecutively (both positive and negative) 

and start the test with a slight hinge angle, then there should be no need to reset 

the vehicle angle to zero in between test cases. 

Following the above guidelines and assumptions, the learning data can be 

collected in roughly 3 minutes if the process is automated. The filtered data can be 

collected in approximately one minute.  

 

 

 

  

Figure 16: Steering speed. Red line shows mean steering speed driving slowly, 

while blue line shows mean steering speed while standing still. Dotted lines show 

their standard deviations with 99.9 % confidence interval. The mapping of currents 

for 0 - ± 0.28 rad/s steering speed is almost identical when standing still as when 

driving. 
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5 Analysis 

This section applies the methods described in Section 3 to the problem of 

calibrating steering speeds actuated by an electrohydraulic valve. As previously 

mentioned the steering system is nonlinear and has a dead zone, as seen in Figure 

16 and Figure 16. 

5.1 Search algorithm 

The algorithm was evaluated on a stepwise linearization of each of the four data 

sets collected in Section 4.3. This is to allow a better search accuracy than 10 mA. 

The difficulty of selecting reasonable values for the input parameters is somewhat 

reduced since the steering system general characteristic is known. It is known that 

the valve should open at around 350 mA and reach 0.25 rad/s around 430 – 440 

mA., so the initial search current can be set to a value slightly less; 320 and 400 

mA were used in this evaluation for minimum and maximum steering speeds 

respectively and step size was set to 40 mA.  The steepest climb with 1 mA 

interval was calculated to be 0.0016 rad/s at worst, so the threshold e should be 

larger than this; this evaluation used ± 0.002.   

The model was used to search for the pre-defined minimum and maximum 

steering speeds (0.0125 rad /s and 0.25 rad/s) in the four data sets described in 

Section 4.3, results are shown in Table 1. We can see that the variance is very 

small; the biggest difference is 3 mA and would have negligible effect in an 

implementation.  

Table 1: Identified currents for given steering speeds using Hill Climbing. Top table represent 

identified currents from the learning data, bottom table represent identified currents from filtered 

data. 

Speed Current Set1  Current Set2  Current Set3  Current Set4  

-0.25 rad/s -437 mA -437 mA -435 mA -435 mA 

-0.0125 rad/s -360 mA -360 mA -360 mA -360 mA 

0.0125 rad/s 360 mA 360 mA 357 mA 360 mA 

0.25 rad/s 440 mA 440 mA 439 mA 439 mA 

 

Speed Current Set1  Current Set2  Current Set3  Current Set4  

-0.25 rad/s -437 mA -438 mA -438 mA -438 mA 

-0.0125 rad/s -357 mA -360 mA -360 mA -360 mA 

0.0125 rad/s 360 mA 360 mA 357 mA 360 mA 

0.25 rad/s 441 mA 443 mA 442 mA 442 mA 

The algorithm needed on average 8.2 iterations to find a current, while maximum 

number of iterations for one current was 11.  
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Four models were created from Table 1, mapping currents to steering speed with 

the assumption of linearity between the identified minimum and maximum 

currents. These models were set to predict steering speed for all currents in the 

verification data. The accuracy was evaluated by calculating and plotting the 

mean and standard deviation with 99.9% confidence interval, both for the models 

created from the learning data and from the filtered data. Figure 17 shows the 

results, where the confidence interval is barely visible because of very small 

deviations. The verification data is however outside the confidence interval of the 

model in some ranges; there is a model error, clearly visible in Figure 18. The 

figure also shows that the search algorithm gives very similar results on both 

learning data and filtered data, with the difference of bigger confidence interval in 

negative steering direction. As also suggested by Figure 18, the mean deviations 

are very small and differs little between the two approaches, and the largest 

uncertainty is found at 385 mA for both approaches. As calibration with filtered 

data can be completed in shorter time, the model based on filtered data will be 

used in the comparison between the models in Section 5.4.The learning data has a 

maximum mean error of 0.04 rad/s and a 99.9 % confidence interval of ±0.025 

rad/s, while the filtered data has a maximum error of 0.035 rad / and a 99.9 % 

confidence interval of ±0.020 rad/s. 

Assuming we use steps of 10 mA and select good initial currents, we can expect 

to calibrate one pre-defined speed with less than 9 iterations. 9 iterations 

correspond to 9 measured currents and should according to Section 4.4 take 

roughly 30 seconds. An automated online search algorithm should thus be able to 

calibrate the system in roughly two minutes. If we can allow lower accuracy, the 

calibration time may be decreased further. This is to be compared with the manual 

calibration, which takes roughly half an hour to complete. 
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Figure 17: Accuracy of search algorithm. The red line represents the verification data and 

the black represent the mean of the four models. Dotted lines show the 99.9% confidence 

interval. Top graph displays the result from learning data, while the bottom graph displays 

the results from filtered data. The results are almost identical. 
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Figure 18: Mean steering speed error from verification data using search algorithm. Solid blue line 

represents average steering speed error of the models in positive steering direction and blue dotted lines its 

confidence interval. Red lines represent the same data in negative steering direction. Top graph displays 

the result from learning data, while the bottom graph displays the results from filtered data. There is a 

model error at currents where positive and negative confidence intervals share the same sign, for example 

at 385 mA. The results from filtered data (bottom graph) will be used in a model comparison in Section 

5.4.  
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5.2 System identification - Gray box modelling 

The gray box algorithm was tested in the same way as Section 5.1; four models 

were created from four different data sets. The only input parameter that has to be 

provided to the model is the start values for the breakpoints, parameter        

should set to reasonable magnitude to reduce time needed for optimization. The 

values used in the experiments can be seen in Table 2. 

Table 2: Start values for breakpoints; parameter   . 

Current 

[mA] 

Steering speed 

[rad/s] 

-450 -0.2500 

-350 -0.0125 

350 0.0125 

450 0.2500 

Breakpoints for all four data sets were identified by using the setup in Section 

3.5.3. The identified breakpoints for the static nonlinearity are presented in Table 

3. 

Table 3: Identified values for breakpoints. Top table represent identified breakpoints from the 

learning data, bottom table represent identified breakpoints from filtered data. [mA, rad/s] 

Current 

[mA] 

Steering speed 

[rad/s] 

Current 

[mA] 

Steering speed 

[rad/s] 

Current 

[mA] 

Steering speed 

[rad/s] 

Current 

[mA] 

Steering speed 

[rad/s] 

-459, -0.2797 -465, -0.2853 -448, -0.2661 -463, -0.2959 

-366, -0.0051 -366, -0.0038 -367, -0.0050 -366, -0.0041 

366, 0.0063 371, 0.0057 368, 0.0057 368, 0.0058 

460, 0.2820 462, 0.2840 450, 0.2732 458, 0.2789 

 

Current 

[mA] 

Steering speed 

[rad/s] 

Current 

[mA] 

Steering speed 

[rad/s] 

Current 

[mA] 

Steering speed 

[rad/s] 

Current 

[mA] 

Steering speed 

[rad/s] 

-487, -0.2877 -473, -0.2850 -490, -0.2590 -490, -0.2695 

-354, -0.0048 -352, -0.0037 -347, -0.0083 -347, -0.0091 

355, 0.0048 353, 0.0035 360, 0.0087 361, 0.0088 

487, 0.2901 490, 0.2673 490, 0.2639 490, 0.2777 

The verification data was then sent through the static nonlinearity with these 

breakpoints. The mean and standard deviation of the output with 99.9% 

confidence interval is seen in Figure 19 and the mean error to verification data is 

found in Figure 20. It can be seen that the model based on filtered data perform 
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worse and that the error increases with current. The confidence interval is also 

greatly increased with current, suggesting that the model does not handle 

deviations very well. Both models capture the characteristics of the steering 

system quite well, but are still not completely accurate. For example, the 

verification data is outside the confidence interval of the learning data model in 

negative steering direction at -440. If only the range of interest is considered 

(0.0125 rad/s – 0.25 rad/s) it can be observed in Figure 20 that for the filtered data 

the largest uncertainty is at 440 mA, where the mean error is 0.075 rad/s and the 

99.9 % confidence interval is ±0.19 rad/s. Using the whole learning data set the 

highest uncertainty is at -440 mA, where the mean error is 0.05 rad/s and the 99.9 

% confidence interval is ±0.075 rad/s. ±440 mA gives around ±0.25 rad/s as seen 

in Figure 21. The results from the filtered data are thus not satisfactory, so the 

model using full learning data will be used in the comparison between models in 

Section 5.4. 

The full measurement data can be collected in roughly three minutes, as 

calculated in Section 4.4. However, the computational complexity to create a 

model is very high given it has to optimize eight parameters; the process took 

approximately half a minute to compute on an Intel Core i7 CPU at 2.17 GHz. 

The complexity is of importance since the vehicle computer has a processor clock 

frequency of only 300 MHz. 
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Figure 19: Accuracy of grey box model. The red line represents the verification data and the black 

represent the mean of the four models. Dotted lines show the 99.9% confidence interval. Top 

graph displays the result from learning data, while the bottom graph displays the results from 

filtered data. It is evident that the model based on filtered data do not capture deviances very well. 



 

47 

 

 

Figure 20: Mean steering speed error from verification data using grey box model. Solid blue lines 

represent average steering speed error of the models in positive steering direction and blue dotted lines 

its confidence interval. Red lines represent the same data in negative steering direction. Top graph 

displays the result from learning data, while the bottom graph displays the results from filtered data. 

The confidence intervals suggest a small model error at 390 mA on the bottom graph. The results from 

learning data (top graph) will be used in a model comparison in Section 5.4. 
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5.3 Neural net – Black box modelling 

To evaluate the number of neurons needed in the hidden layer, the four data sets 

described in Section 4.3 were run several times through a neural network using 

RPROP, each time with a different number of neurons in the hidden layer. The 

sum of squared errors (SSE) were logged and analyzed, the results can be seen in 

appendix C. Best results were attained with three or more than eight neurons in 

the hidden layer. Figure 21 compares the result from a neural network with 3 and 

10 neurons respectively in the hidden layer. The figure indicates that 10 neurons 

over fit the data, as the dead band is skewed because of lacking measuring points.  

 

The final model is thus a 3 layer neural network using RPROP, with one hidden 

layer of 3 neurons. The neural network has one neuron in the input and output 

layer respectively. Using this setup, four models are constructed from the data sets 

described in Section 4.3. The accuracy is evaluated by letting the models predict 

the verification data, with mean and standard deviation at 99.9% confidence 

interval plotted in Figure 22. It is clear that the superfluous data above 500 mA 

has a big negative impact on the neural network, which adapts the neurons 

weights in order to fit all data patterns as good as possible. When this data is 

removed however, it can be seen that the neural network is more accurate. The 

accuracy visualized in detail in Figure 23, which shows mean difference to 

Figure 21: Comparison of real data and predicted data from neural network with 3 and 10 neurons 

in the hidden layer. It can be seen that 10 neurons do not perform any better than 3 neurons; 10 

neurons seem to over fit the data. 
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verifications data in detail. There is however a small model error here as well; at 

370 mA in positive steering direction and 400 mA in negative steering direction. 

The largest uncertainty for the learning data is found at -440 mA if only the range 

of interest is considered (0.0125 – 0.25 rad/s), where the mean deviation is 0.075 

rad/s and the 99.9 % confidence interval is ±0.065 rad/s. The models based on 

filtered data also have the largest uncertainty at -440mA. The maximum mean 

deviation is slightly smaller, 0.04 rad/s, but the 99.9 % confidence interval is on 

the other hand larger; ±0.12 rad/s. 

Building the model is relatively fast since it only has three neurons in the hidden 

layer; it took only a few seconds on an Intel Core i7 CPU at 2.17 GHz. The total 

time needed in an implementation is thus roughly 2 minutes. 
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Figure 22: Accuracy of black box model. The red line represents the verification data and the 

black represent the mean of the four models. Dotted lines show the 99.9% confidence interval. Top 

graph displays the result from learning data, while the bottom graph displays the results from 

filtered data. The neural network seem to perform better on filtered data, which is reasonable since 

it does not have to take valve instability at high currents into account. 



 

51 

 

 

  
Figure 23: Mean steering speed error from verification data using black box model. Solid blue 

lines represent average steering speed error of the models in positive steering direction and blue 

dotted lines its confidence interval. Red lines represent the same data in negative steering 

direction. Top graph displays the result from learning data, while the bottom graph displays the 

results from filtered data. There is a model error at currents where positive and negative 

confidence intervals share the same sign. The results from filtered data (bottom graph) will be 

used in a model comparison in Section 5.4. 
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5.4 Results 

As Atlas Copco desires to calibrate the steering currents in as short time as 

possible, it is an advantage if filtered data may be used to create a model. The 

analysis showed that this was possible for the search algorithm and the black box 

neural network even performed better with filtered data. The gray box system 

identification did however not provide satisfactory results on filtered data; both 

errors and confidence intervals were too big. The models to be compared are thus: 

 Search algorithm on filtered data 

 Gray box system identification on full learning data 

 Black box neural network on filtered data 

The models are compared by their mean error for all currents in the range of 

interest, seen in Figure 24. It can be seen that the gray box model and the black 

box model perform better than the search algorithm at low currents, but they both 

have a higher maximum error. As the final model has to assure good accuracy for 

all currents, the maximum mean error is of great importance. The maximum mean 

errors for the three models are compared in Figure 25. The maximum mean error 

for the search algorithm is 28% smaller than the black box neural network and 

37% smaller than the gray box system identification. 

The calibration time of an implementation is also of importance since this was one 

of the factors for an investigation in the first place. The manual calibration takes 

roughly 30 minutes and will be greatly improved by an automatic calibration 

method, as seen in Figure 26. Both the search algorithm and the black box neural 

network are estimated to be able to calibrate the steering currents within 2 

minutes, an improvement of 1500%. The gray box system identification will take 

at least 3.5 minutes, most likely even longer since the computer on the vehicle is 

not as powerful as the computer where the simulation was run.   
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Figure 24: Mean steering speed errors within the range of interest for evaluated models, both 

steering directions. The search algorithm is represented by red lines, the gray box model by blue 

lines and the neural network by green lines. Although the gray box and the black box perform 

better than the search algorithm at low currents, they both have a higher maximum error. 

 

Figure 25: Maximum mean errors for the evaluated 

models. The search algorithm has a maximum mean 

error that is 37% smaller than the gray box model and 

28% smaller than the black box model. 

Figure 26: Estimated calibration time for the evaluated 

models. The search algorithm and the black box neural 

network are estimated to take roughly the same amount of 

time; 2 minutes. The grey box system will take at least 3.5 

minutes, likely much longer since the vehicle computer 

power is limited. 
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6 Discussion 

The idea of the search method was to automate the manual calibration procedure 

that is used today, too see how accurate it may be at best. The hypothesis was that 

the grey box and black box model would perform better, so by automating the 

search method we could evaluate how much more accurate they were. However, 

as seen in Figure 17, the search method is actually very accurate and has 

negligible deviation. An online search would on average need 8.2 measurements 

to identify current for a given steering speed, meaning it would take 

approximately 2 minutes to identify all four desired currents. It is however 

unknown if and how much noise will disturb an online search and if this can be 

handled by allowing a higher threshold e. Another option would thus be to collect 

data as in Section 4.3 and then run an offline search. Since the search algorithm 

had similar accuracy on the filtered data as on the full learning data, it should be 

sufficient to collect ten measurements in each steering direction, as in the tested 

filtered data. An offline search calibration method can then be estimated to take 

approximately one minute. The disadvantage is that it does not perform well at 

slow steering speeds, as the verification data in this range was not within the 

confidence interval of the model. An offline search calibration is nevertheless 

more sensitive to deviations since it assumes linearity between saved 

measurements; a deviation on a single measurement may impact the final result. 

An online calibration does not have the same problem since it is collecting new 

measurements along in each step of the search algorithm, so a measurement only 

affects the decision of which current are to be measured next. On the other hand, 

there is no good way of estimating the time an online search algorithm would 

need, since the effect of noise is unknown. The search algorithm has a maximum 

mean deviation of 0.035 – 0.04 rad/s which is smaller than both the grey box and 

the black box models. It is however questionable if a search algorithm is needed; 

just mapping the same 20 measurements used for the search algorithm as they are, 

with assumed linearity in between, will at least capture a part of the nonlinearity 

missed by the search algorithm. It is possible that this straightforward approach 

would outperform the search algorithm and moreover be a trivial implementation.  

The grey box model is more complex and does not only need to collect data to run 

the model on, but also need time to construct the actual model. The models based 

on filtered data had a maximum mean deviation of 0.075 rad/s, which cannot be 

considered to qualify as a good method compared to the results achieved by the 

simple search algorithm. The models based on full data do however perform a bit 

better, with maximum mean deviation of 0.05 rad/s. Moreover, the method has an 

advantage over the search algorithm by adapting parameters to fit the whole range 

of currents, thus creating a more accurate model; by comparing Figure 18 and 

Figure 20 we see that the verification data is a better fit in the confidence interval 

of the grey box model. The problem is however that the maximum difference to 

verification data is greatly worse than the simple search algorithm, meaning it 

cannot guarantee good accuracy for all currents. It is also questionable if this 

method can be completed within reasonable time on a real vehicle, since it took 

half a minute to identify the breakpoints for the static nonlinearity on an Intel 

Core i7 CPU at 2.17 GHz and the computer of the vehicle has a clock frequency 

of only 300 MHz. An option would be to transfer the measurement data to an 

external computer and run the calibration algorithm there, but this approach would 
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include human involvement and thus not be in line with the idea of autonomous 

calibration. 

The black box model is a better option than the grey box model, both considering 

computational complexity and accuracy. Maximum mean deviation for the neural 

network based on filtered data is the same as the grey box based on full learning 

data, 0.05 rad/s, and it still has a much smaller confidence interval. Moreover, by 

comparing the confidence intervals in Figure 18, Figure 20 and Figure 23, the 

neural network using filtered data can also be concluded to be the best model fit. 

The model is however somewhat sensitive to the data we provide to it; it does not 

perform as well if it is provided with data points at high currents where the valve 

is completely open. On the other hand, there is no reason to provide this kind of 

data to the algorithm since this range of currents is still not of any interest in an 

implementation. The model took only 2 seconds to compute on an Intel Core i7 

CPU at 2.17 GHz, which means that it is likely that it can be implemented on the 

vehicle computer.  

The goal is to implement an automatic calibration method for steering currents 

that is quicker than and at least as accurate as the manual calibration method. The 

search method gives consistent and accurate results, but fails to capture 

nonlinearity at slow steering speeds. This nonlinearity is somewhat better 

captured by the grey box model, but at a high cost of extra time, computational 

complexity and a larger maximum mean deviation. The black box model based on 

filtered data is a better option with regard to model fit, time and computational 

complexity, but is still not as good as the search algorithm considering maximum 

mean error and confidence interval. A low maximum mean error is considered to 

be the most important factor in an implementation since a high accuracy is desired 

in the whole range of currents, which is why a model error can be acceptable if 

the confidence interval is small. The maximum mean error for all the models in 

the range of interesting currents can be seen in Figure 24. The figure shows that 

the search algorithm has lowest maximum mean error, no matter if learning data 

or filtered data is used. The neural network based on filtered data comes second, 

while the grey box model based on learning data comes on third place. However, 

the accuracy of the grey box model is not considered to be of much importance 

because of its computational complexity; it is not likely that the computer on the 

vehicle is powerful enough to run the algorithm.   
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7 Conclusions 

A black box neural network is a better calibration method than a grey box 

Hammerstein model with regard to model fit, calibration time and accuracy. The 

search algorithm is however a better option than both of the other methods, much 

to its accuracy and simplicity to implement, but more importantly because it has a 

significantly smaller maximum error and confidence interval. It does not help 

much to guarantee a good model fit in in an implementation if there is a 

possibility that there exist worse mapping of steering speeds for some of the 

currents. For this reasons, it is concluded that the search algorithm should the 

implemented on the vehicles.  

It is also concluded based on comparison of measurements in Section 4.1.3 that 

measurement data for calibration of steering currents can be collected with the 

vehicle standing still, as long as the pressure feedback system described in Section 

3.2 is removed from the vehicle. 

Based on this thesis, Atlas Copco has decided to implement the proposed search 

algorithm and calibrate with the vehicle standing still. 
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9 Appendix 

9.1 Appendix A – Interview protocol 

1. Which commissioning actions is most time consuming? 

2. Which commissioning actions do you consider difficult for operators to 

perform themselves? 

3. How many employees at Atlas Copco have the knowledge and experience 

to perform the commissioning? 

4. How do you think the customer and technicians find the documentation, in 

terms of understanding? 

5. Is there any knowledge regarding commissioning which is not 

documented? 

 

What is most time consuming during commissioning of: 

6. Sensors? 

7. OP-Station? 

8. Safety gates? 

9. Network? 

 

10. What is most difficult during calibration of the vehicles? 

11. What is most time consuming during calibration of the vehicles? 

12. When is the system needed to be recalibrated? 

13. How often is the system needed to be recalibrated? 

 

After the system is up and running, are there any problems with: 

14. Machine, hardware and sensors? 

15. OP-Station? 

16. Safety gates? 

17. Network? 



 

62 

 

18. Autonomous system? (E.g. tramming and dumping) 

 

19. If there are problems:  

a) How often do the problems occur? 

b) How much time and work are needed to fix them? 

c) What are the procedures in order to fix them? 

d) What are the tools to troubleshoot and find them?  

 

20. What needs to be done if the operation area is changed? (E.g. moving 

safety gates, moving and re-calibrating network, record new routes) 

21. Which of these actions are the most time-consuming? 

22. How often does the customer change operation area? 

 

23. Which problems today result in most down-time?  

 

24. Is there anything more you would like to add? 
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9.2 Appendix B – RPROP pseudo-code 
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9.3 Appendix C - Neural network neuron test 

Neurons in 

hidden layer 

Average SSE 

1 24.1 

2 23.2 

3 11.3 

4 17.8 

5 15.0 

6 12.4 

7 12.3 

8 11.5 

9 11.4 

10 11.3 
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