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Dissertation title: Detection of Interaction Forces in Industrial Robotics  

 

Abstract: With Industry 4.0 becoming a reality and Industry 5.0 emerging on the horizon, the 

need for seamless integration, shared workspace and interoperability of production entities is ever 

increasing. To aid in this transition, this thesis presents approaches intended to allow the evolution of 

industrial robots by enabling them to detect and interpret interactions with their surroundings. The 

detection of interaction forces is based on non-model-based algorithms due to their inherent ability to 

include all aspects of the behaviours of the robot as well as to capture the contact task-specific forces 

and dynamics. To detect interactions, the reference sequence recorded during an exemplary task 

execution cycle is compared with measurements from the robot while it is performing its repetitive task. 

The thesis presents several different approaches to detection of collisions and interactions in general 

intended for the implementation on industrial robots with closed control architecture. To overcome 

implementation issues, the modified Dynamic Time Warping (mDTW) method, as one of the key 

presented contributions, enables optimal matching of compared signals. The mDTW enables comparing 

a signal with the most similar section of the other signal. Partial matching also enables online 

application of time warping principles and reduces the time and computation resources needed to 

perform matching. The developed and presented algorithms for automatic calculation of kinematic 

parameters of the robot and its end-effector enable further evolution of the mDTW in into its 

kinematically augmented version - KA-mDTW, extending the interactionôs detection algorithmôs 

application domain. Furthermore, it enables the inclusion of unmodeled task dynamics or a robotôs end-

effector into algorithms for collision detection or general understanding of a robotôs operation context. 

The presented algorithms and conclusions are supported and validated by the experimental testing on 

industrial robots. 

 

Keywords: Industrial robotics; Interaction detection, Physical interaction, Dynamic Time 

Warping, Industry 4.0 

 

Scientific field: Electrical and Computer Engineering  

 
Scientific subfield: Robotics and Control Systems 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



ʅʘʩʣʦʚ ʜʠʩʝʨʪʘʮʠʿʝ: ɼʝʪʝʢʮʠʿʘ ʩʠʣʘ ʠʥʪʝʨʘʢʮʠʿʝ ʫ ʠʥʜʫʩʪʨʠʿʩʢʦʿ ʨʦʙʦʪʠʮʠ 

 

ʉʘʞʝʪʘʢ: ʋʩʣʝʜ ʀʥʜʫʩʪʨʠʿʠ 4.0 ʢʦʿʘ ʧʦʩʪʘʿʝ ʩʪʚʘʨʥʦʩʪ ʠ ʀʥʜʫʩʪʨʠʿʝ 5.0 ʢʦʿʘ ʩʝ ʿʘʚˀʘ ʥʘ 

ʚʠʜʠʢʫ, ʩʚʝ ʿʝ ʿʘʯʘ ʧʦʪʨʝʙʘ ʟʘ ʦʣʘʢʰʘʥʦʤ ʠʥʪʝʛʨʘʮʠʿʦʤ, ʜʝˀʝʥʠʤ ʨʘʜʥʠʤ ʧʨʦʩʪʦʨʦʤ ʠ 

ʤʝʹʫʧʦʚʝʟʘʥʦʰ˂ʫ ʧʨʦʠʟʚʦʜʥʠʭ ʯʠʥʠʣʘʮʘ. ʂʘʦ ʦʜʛʦʚʦʨ ʥʘ ʪʝ ʧʦʪʨʝʙʝ, ʦʚʘ ʜʠʩʝʨʪʘʮʠʿʘ ʧʨʝʜʩʪʘʚˀʘ 

ʧʨʠʩʪʫʧʝ ʥʘʤʝˁʝʥʝ ʝʚʦʣʫʮʠʿʠ ʠʥʜʫʩʪʨʠʿʩʢʠʭ ʨʦʙʦʪʘ ʪʘʢʦ ʰʪʦ ʠʤ ʦʤʦʛʫ˂ʘʚʘ ʜʘ ʦʧʘʞʘʿʫ ʠ ʪʫʤʘʯʝ 

ʠʥʪʝʨʘʢʮʠʿʫ ʩʘ ʩʚʦʿʠʤ ʦʢʨʫʞʝˁʝʤ. ɼʝʪʝʢʮʠʿʘ ʩʠʣʘ ʠʥʪʝʨʘʢʮʠʿʝ ʿʝ ʟʘʩʥʦʚʘʥʘ ʥʘ ʘʣʛʦʨʠʪʤʠʤʘ ʢʦʿʠ 

ʥʝ ʟʘʭʪʝʚʘʿʫ ʤʦʜʝʣ ʨʦʙʦʪʘ ʟʙʦʛ ˁʠʭʦʚʝ ʦʩʦʙʠʥʝ ʜʘ ʧʦʩʨʝʜʥʦ ʫʢˀʫʯʝ ʩʚʝ ʯʠʥʠʦʮʝ ʧʦʥʘʰʘˁʘ 

ʨʦʙʦʪʘ ʠ ʩʧʝʮʠʬʠʯʥʠʭ ʩʠʣʘ ʚʝʟʘʥʠʭ ʟʘ ʜʠʥʘʤʠʢʫ ʠʥʪʝʨʘʢʮʠʿʝ. ɼʝʪʝʢʮʠʿʘ ʠʥʪʝʨʘʢʮʠʿʝ ʩʝ ʧʦʩʪʠʞʝ 

ʧʦʨʝʹʝˁʝʤ ʨʝʬʝʨʝʥʪʥʠʭ ʚʨʝʜʥʦʩʪʠ ʩʥʠʤˀʝʥʠʭ ʪʦʢʦʤ ʨʝʧʨʝʟʝʥʪʘʪʠʚʥʦʛ ʧʦʢʨʝʪʘ ʩʘ ʤʝʨʝˁʠʤʘ 

ʜʦʙʠʿʝʥʠʭ ʦʜ ʨʦʙʦʪʘ ʪʦʢʦʤ ʚʨʰʝˁʘ ʩʚʦʛ ʧʦʥʦʚˀʠʚʦʛ ʟʘʜʘʪʢʘ. ɼʠʩʝʨʪʘʮʠʿʘ ʧʨʝʜʩʪʘʚˀʘ ʥʝʢʦʣʠʢʦ 

ʨʘʟʣʠʯʠʪʠʭ ʧʨʠʩʪʫʧʘ ʥʘʤʝˁʝʥʠʭ ʧʨʠʤʝʥʠ ʥʘ ʠʥʜʫʩʪʨʠʿʩʢʠʤ ʨʦʙʦʪʠʤʘ ʩʘ ʟʘʪʚʦʨʝʥʦʤ 

ʫʧʨʘʚˀʘʯʢʦʤ ʘʨʭʠʪʝʢʪʫʨʦʤ ʘ ʢʦʿʠ ʩʝ ʤʦʛʫ ʢʦʨʠʩʪʠʪʠ ʨʘʜʠ ʜʝʪʝʢʮʠʿʝ ʩʫʜʘʨʘ ʠ ʠʥʪʝʨʘʢʮʠʿʝ 

ʫʦʧʰʪʝ. ʂʘʢʦ ʙʠ ʩʝ ʧʨʝʚʘʟʠʰʣʠ ʠʟʘʟʦʚʠ ʚʝʟʘʥʠ ʟʘ ʧʨʠʤʝʥʫ, ʿʝʜʘʥ ʦʜ ʛʣʘʚʥʠʭ ʜʦʧʨʠʥʦʩʘ, 

ʨʘʟʚʠʿʝʥʠ modified Dynamic Time Warping (mDTW) ʤʝʪʦʜ, ʦʤʦʛʫ˂ʘʚʘ ʦʧʪʠʤʘʣʥʦ ʫʧʘʨʠʚʘˁʝ 

ʧʦʨʝʹʝʥʠʭ ʩʠʛʥʘʣʘ. ʇʨʝʜʩʪʘʚˀʝʥʠ mDTW ʤʝʪʦʜ ʦʤʦʛʫ˂ʘʚʘ ʫʧʘʨʠʚʘˁʝ ʿʝʜʥʦʛ ʩʠʛʥʘʣʘ ʩʘ 

ʥʘʿʩʣʠʯʥʠʿʠʤ ʜʝʣʦʤ ʜʨʫʛʦʛ ʩʠʛʥʘʣʘ. ʋʧʘʨʠʚʘˁʝ ʜʝʣʦʚʘ ʦʤʦʛʫ˂ʘʚʘ ʧʨʠʤʝʥʫ Time Warping-ʘ ʫ 

ʨʝʘʣʥʦʤ ʚʨʝʤʝʥʫ ʠ ʩʤʘˁʫʿʝ ʚʨʝʤʝ ʧʦʪʨʝʙʥʦ ʟʘ ʦʙʨʘʜʫ ʧʦʜʘʪʘʢʘ. ʈʘʟʚʠʿʝʥʠ ʠ ʧʨʝʜʩʪʘʚˀʝʥʠ 

ʘʣʛʦʨʠʪʤʠ ʟʘ ʘʫʪʦʤʘʪʩʢʦ ʨʘʯʫʥʘˁʝ ʢʠʥʝʤʘʪʠʯʢʠʭ ʧʘʨʘʤʝʪʘʨʘ ʨʦʙʦʪʘ ʠ ʟʘʚʨʰʥʦʛ ʫʨʝʹʘʿʘ 

ʦʤʦʛʫ˂ʘʚʘʿʫ ʜʘˀʫ ʝʚʦʣʫʮʠʿʫ mDTW-ʘ ʫ ˁʝʛʦʚʫ ʢʠʥʝʤʘʪʠʯʢʠ ʜʦʧʫˁʝʥʫ ʚʝʨʟʠʿʫ - KA-mDTW, 

ʯʠʤʝ ʩʝ ʧʨʦʰʠʨʫʿʝ ʧʦˀʝ ʧʨʠʤʝʥʝ ʘʣʛʦʨʠʪʤʘ ʟʘ ʜʝʪʝʢʮʠʿʫ ʠʥʪʝʨʘʢʮʠʿʝ. ʆʚʠʤ ʩʝ ʜʦʜʘʪʥʦ 

ʦʤʦʛʫ˂ʘʚʘ ʫʢˀʫʯʠʚʘˁʝ ʥʝʤʦʜʝʣʦʚʘʥʝ ʜʠʥʘʤʠʢʝ ʨʦʙʦʪʩʢʦʛ ʟʘʜʘʪʢʘ ʠʣʠ ʟʘʚʨʰʥʦʛ ʫʨʝʹʘʿʘ ʫ ʮʠˀʫ 

ʜʝʪʝʢʮʠʿʝ ʩʫʜʘʨʘ ʠʣʠ ʦʧʰʪʝʛ ʨʘʟʫʤʝʚʘˁʘ ʦʧʝʨʘʪʠʚʥʦʛ ʢʦʥʪʝʢʩʪʘ. ʇʨʝʜʩʪʘʚˀʝʥʠ ʘʣʛʦʨʠʪʤʠ ʠ 

ʟʘʢˀʫʯʮʠ ʩʫ ʧʦʪʚʨʹʝʥʠ  ʠ ʧʨʦʚʝʨʝʥʠ ʝʢʩʧʝʨʠʤʝʥʪʘʣʥʠʤ ʪʝʩʪʠʨʘˁʝʤ ʥʘ ʠʥʜʫʩʪʨʠʿʩʢʠʤ ʨʦʙʦʪʠʤʘ. 

. 

ʂˀʫʯʥʝ ʨʝʯʠ: ʀʥʜʫʩʪʨʠʿʩʢʘ ʨʦʙʦʪʠʢʘ; ɼʝʪʝʢʮʠʿʘ ʠʥʪʝʨʘʢʮʠʿʝ; ʌʠʟʠʯʢʘ ʠʥʪʝʨʘʢʮʠʿʘ; 
Dynamic Time Warping, ʀʥʜʫʩʪʨʠʿʘ 4.0 

 

ʅʘʫʯʥʘ ʦʙʣʘʩʪ: ɽʣʝʢʪʨʦʪʝʭʥʠʢʘ ʠ ʨʘʯʫʥʘʨʩʪʚʦ 

 

ʋʞʘ ʥʘʫʯʥʘ ʦʙʣʘʩʪ: ʈʦʙʦʪʠʢʘ ʠ ʫʧʨʘʚˀʘˁʝ ʩʠʩʪʝʤʠʤʘ 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



CCOONNTTEENNTTSS  
 

 

1. INTRODUCTION  ............................................................................................................... 1 

1.1. Motivation ..................................................................................................................... 2 

1.2. Contributions  ............................................................................................................... 3 

1.3. Thesis overview ............................................................................................................ 5 

2. INTERACTION DETECTION  ......................................................................................... 6 

2.1. Approaches to the interaction detection .................................................................... 6 

2.1.1. Model-Based approach ............................................................................................... 6 

2.1.2. Non-model-based approach ........................................................................................ 7 

2.1.3. Hybrid approach ......................................................................................................... 8 

2.2. Analysis of available signals ........................................................................................ 9 

2.2.1. Repeatability analysis ................................................................................................. 9 

2.2.2. Statistical signal analysis .......................................................................................... 11 

3. DETECTION IN REPETITIVE TASKS  ....................................................................... 16 

3.1. Implementation on the robot controller .................................................................. 17 

3.1.1. Principal Design ....................................................................................................... 17 

3.1.2. Setting reference limits and thresholds..................................................................... 19 

3.1.3. Implementation of detection rules ............................................................................ 20 

3.1.4. Experimental Validation and Discussion ................................................................. 21 

3.2. Integration on a computer ........................................................................................ 24 

3.2.1. Principal Design ....................................................................................................... 24 

3.2.2. Modified Dynamic Time Warping ........................................................................... 26 

3.2.3. Decision Rules and Thresholds for Collision Detection .......................................... 30 

3.2.4. Experimental Results and Discussion ...................................................................... 32 

3.3. Detection of intentional interactions ........................................................................ 40 

3.3.1. Principal idea ............................................................................................................ 40 

3.3.2. Experiment description ............................................................................................. 41 

3.3.3. Manipulation task analysis ....................................................................................... 41 

3.3.4. Assembly task analysis ............................................................................................. 43 

3.3.5. Discussion of results ................................................................................................. 46 

3.4. Chapter discussion ..................................................................................................... 47 

4. DETECTION WHILE PERFORMING SIMILAR TASKS  ........................................ 50 

4.1. Background idea and applications ........................................................................... 50 

4.2. Identification of robot DH parameters .................................................................... 51 

4.2.1. Denavit-Hartemberg notation ................................................................................... 52 

4.2.2. Obtaining Parameters ............................................................................................... 53 

4.2.3. Results and Discussion ............................................................................................. 55 



4.3. Identification of end-effector kinematic parameters .............................................. 56 

4.3.1. Calibration Unit Design ............................................................................................ 57 

4.3.2. Calibration Principle ................................................................................................. 59 

4.3.3. Image acquisition results and discussion .................................................................. 61 

4.3.4. Implementation ......................................................................................................... 64 

4.3.5. Algorithm Observations and Discussion .................................................................. 67 

4.4. Kinematically Augmented mDTW ........................................................................... 69 

4.5. Testing ResultsðContact Tasks ............................................................................... 73 

4.5.1. Consistent Base Frame Direction of Force ............................................................... 74 

4.5.2. Consistent Tool Frame Direction of Force ............................................................... 77 

4.6. Chapter discussions ................................................................................................... 81 

5. GENERAL CONCLUSION  ............................................................................................. 83 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



1 

 

11..  II NNTTRROODDUUCCTTII OONN  
 

Tendencies in modern day robotics demand a transition to a more flexible, adaptable, and 

interconnected event-driven environment. Availability of information in form of process-related 

measurements and operation context is of crucial importance for a successful integration and 

optimized control of all processing and management entities.  

These transitions reflect not only on a control and sensing level, but also on the physical 

workspace of the production resources. Ever increasing requirements for sharing workspace 

between industrial robots and other production entities open numerous possibilities in framework of 

Industry 4.0 and slowly emerging Industry 5.0, but also a multitude of related challenges.  

As the backbone of the Third industrial revolution, industrial robots were developed to 

achieve best performance in highly structured and supervised environments. They were designed to 

be reliable, mechanically robust, and fast machines with high positioning repeatability which work 

in closed work cells without interference of humans or other sources of unpredictability. Absence of 

potential external disturbances meant that their sensors, actuators, and control algorithms were 

focused on achieving best performance without considering their surroundings.  

The evolution of the architecture of interaction [1] between the robotized production cells 

and other manufacturing entities including mobile robots, human workers and manned vehicles 

results in violation of the structured environment which the industrial robots were intended for. 

Addressing these violations inadequately may lead to numerous types of erroneous states and events 

such as incorrect or suboptimal task execution [2], and potentially to more severe consequences 

such as damage of production resources, or even injury of humans [3], [4], [5]. 

Collaborative robots were conceived as the answer to the emerging requirements from the 

standpoint of safety and sharing workspace with humans, and there are certainly fields where their 

implementation is the key enabling factor for a successful robotization. However, their performance 

and robustness are often not the answer for environments where high efficiency and repeatability 

are required, and where human presence or intervention is not frequent. Moreover, although there 

are fields where new developments in automation have enabled successful robotization for the first 

time, in most cases they are introduced as improvements into already existing robotized systems. In 

such systems and environments, industrial robots are by far the most dominant robot type [6], [7] , 

and projections for the foreseeable future predict that the demand for them will only increase. 

No matter how revolutionary some shifts in automation paradigm are, their influence on the 

manufacturing components is that of evolution. The same is true for the industrial robots. One 

important direction in which industrial robots need to evolve to respond to these shifts is to 

appropriately detect, interpret, react, and share information about the physical interactions they 

encounter during operation.  

 

 

 

 

 

 

 

 

 

 

 

 

 



2 

 

1.1. Motivation  
 

The motivation for the work presented in this thesis is to develop algorithms that can unlock 

the underused potential of industrial robots and their readily available sensors to facilitate their 

transition into Industry 4.0 and beyond. Detection, interpretation, and reaction to the forces that 

occur during physical interaction of the robot and its surrounding is one of the prime examples and 

most impactful fields in which the contribution to this transition can be made.  

Collision detection and reaction on different levels [8], [9] is one of the primary and 

essential aspects that need to be addressed in shared workspace, especially during physical human-

robot interaction (pHRI). The research presented in the thesis is focused on the co-existence [8], as 

the innermost level of any pHRI that is the last instance preventing the human injury if all other 

levels fail. Besides reliable detection, the reaction time in case of collisions is of the greatest 

importance from the perspective of human safety. Applicability is another important aspect since 

collision detection algorithms only contribute to human safety and protection of production 

resources if they are implemented. 

Identification of intentional interaction while performing contact tasks is another important 

aspect of robotized production. It enables interpretation of the forces that occur during physical 

contact to determine whether they indicate correct task execution or some erroneous state, such as 

misalignment with the work object, dropped load, irregular behaviour of the robot or its tool. 

Information about physical interaction can further be used for predictive maintenance or providing 

context information regarding operation state of the robot and its equipment.  

The main attention of the research is directed towards industrial robots with closed 

controller architecture [10], [11], [12], [13], [14] since they are the most common and most 

challenging type of industrial robot controllers. Closed architecture of industrial robotsô controllers 

imposes certain limitations on the availability of information and levels of control possible to attain. 

These controllers do not allow access or insight to the inner control loops nor the parameters of the 

model of robot for which they are optimally designed. 

The algorithms presented in this thesis rely exclusively on readily available signals possible 

to attain from closed architecture controllers at a robot joint level. This makes the presented 

algorithms universally applicable to robots of different configurations and generations, enabling 

their evolution and facilitating their seamless integration into modern and future production 

environments. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



3 

 

1.2. Contributions 
 

The research within the thesis has been devoted to the development of algorithms that will 

enable the industrial robots to detect interactions and better integrate with their surroundings. The 

work presented in this thesis summarizes and heavily relies on the related work presented 

throughout the studies. The related publications by the author are:  

 

International journals:  

[IJ1] Z. Gordiĺ, K. Jovanoviĺ: A Framework for Inclusion of Unmodelled Contact Tasks Dynamics 

in Industrial Robotics, Sensors (ISSN: 1424-8220), Vol. 22, No. 19, pp. 1-19, Nov, 2022 

[IJ2] Z. Gordiĺ, K. Jovanoviĺ: Collision Detection on Industrial Robots in Repetitive Tasks Using 

Modified Dynamic Time Warping, Robotica (ISSN: 0263-5747), Vol. 38, No. 10, pp. 1717-1736, 

2020 

National journals:  

[DJ1] Z. Gordiĺ, C. Ongaro, Calibration of Robot Tool Centre Pointusing Camera-based System, 

Serbian Journal Of Electrical Engineering, Vol. 13, No. 1, pp. 9-20, 2016. 

International conferences: 

[IC1] Z. Gordiĺ, K. Jovanoviĺ, Influence of Unmodelled External Forces on the Quality of 

Collision Detection, Advances in Service and Industrial Robotics. RAAD 2019. Advances in 

Intelligent Systems and Computing, pp. 319-328, Springer, Cham, Kaiserslautern, Germany, Jun, 

2019. 

[IC2] Z. Gordiĺ, K. Jovanoviĺ, Fully Integrated Torque-Based Collision Detection in Periodic 

Tasks for Industrial Robots with Closed Control Architecture, Advances in Service and Industrial 

Robotics Proceedings of the 27th International Conference on Robotics in Alpe-Adria Danube 

Region (RAAD 2018), pp. 71-81, Springer, Greece, Jun, 2018. 

[IC3] Z. Gordiĺ, C. Ongaro, Development and Implementation of Orthogonal Planes Images 

Method, Advances in Intelligent Systems and Computing (Proc. 25th IFTOMM/IEEE International 

Conference on Robotics in Alpe-Adria- Danube Region ï RAAD 2016), pp. 105-115, Springer, 

Serbia, 2017. 

National conferences: 

[DC1] Z. Gordiĺ, K. Jovanoviĺ, Identifying Unmodelled Dynamics in Contact Tasks in Industrial 

Robotics, Proceedings of the 7th International Conference on Electrical, Electronic and Computing 

Engineering, IcETRAN 2020, pp. 695-700, Jun, 2020. 

[DC2] Z. Gordiĺ, K. Jovanoviĺ: Collision Detection on Industrial Robot using Dynamic Time 

Warping, Proceedings of the 5th International Conference on Electrical, Electronic and Computing 

Engineering (IcETRAN 2018), pp. 1039-1043, Druġtvo ETRAN, Serbia, Jun, 2018. 

[DC3] Z. Gordiĺ, K. Jovanoviĺ, Partial Pose Measurements for Identification of Denavit-

Hartenberg Parameters of an Industrial Robot, Proceedings of the 4th International Conference on 

Electrical, Electronic and Computing Engineering (IcETRAN 2017), pp. ROI1.6.1-ROI1.6.4, 

ɼʨʫʪhʚʦ ʟʘ ɽʊʈɸʅ, Kladovo, Serbia, Jun, 2017. 



4 

 

[DC4] N. Kneģeviĺ, K. Jovanoviĺ, Z. Gordiĺ, V. Potkonjak, M. Majstoroviĺ, Hazard Identification, 

Risk Assessment and Safety Integration for Flexible Robotic Cell, Proceedings of the 4th 

International Conference on Electrical, Electronic and Computing Engineering (IcETRAN 2017), 

ɼʨʫʰʪʚʦ ʟʘ ɽʊʈɸʅ, Jun, 2017. 

[DC5] Z. Gordiĺ, V. Potkonjak, Overview of Methods for Robotic Manipulators Calibration, 

Proceedings of the 3rd International Conference on Electrical, Electronic and Computing 

Engineering (IcETRAN 2016), pp. ROI2.6.1-ROI2.6.4, Druġtvo ETRAN, Serbia, 2016. 

[DC6] Z. Gordiĺ, C. Ongaro, Robot Tool Centre Point Calibration using Analysis of Images from 

Orthogonal Planes, Proceedings of 2nd International Conference on Electrical, Electronic and 

Computing Engineering, pp. ROI4.6.1-ROI4.6.5, Jun, 2015. 

The contribution of the research presented in the thesis can be divided into two principal 

categories: 

1. Detection of interactions and safety: 

a. Detection of interactions based on the principles and modifications of Dynamic 

Time Warping: IJ1, IJ2, IC1, DC1, DC2 

b. Collision detection and safety for application on industrial robots with closed 

control architecture: IJ1, IJ2, IC1, IC2, DC1, DC2, DC4 

2. Identification of robot kinematics parameters: 

a. Identification of kinematic parameters of the robot manipulator based on partial 

pose measurements of position of a point of interest at the robotôs end effector: 

DC3, DC5 

b. Identification of kinematic parameters of the robot end-effector based on the 

analysis of images obtained from cameras in two orthogonal planes. DJ1, IC3, 

DC5, DC6 
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1.3. Thesis overview 
 

The thesis is divided into five Chapters. 

The First Chapter introduces the reader into the topic, motivation, contributions, and the 

structure of the thesis. 

The Second Chapter is dedicated to the overview of methods for detection of interactions. It 

is divided into sections dedicated to the different approaches to detection and interpretation of 

external forces. It discusses advantages and disadvantages of the model-based and non-model-based 

approaches in general and offers reasoning behind opting for the latter approach in the thesis. The 

Chapter also offers initial considerations regarding a hybrid approach to interaction detection, 

combining prospects of the two main groups of approaches. 

This Chapter also presents the analysis of signals that are readily available on robots with 

closed control architecture. The discussion focuses on the type, availability and statistical properties 

od available signals and their possibility for implementation in the field of interaction detection. 

The Third Chapter presents developed algorithms for non-model-based interaction detection 

for tasks which repeat in cycles in identical way. To this end, two approaches are presented and 

discussed for implementation on industrial robots with closed control architecture.  

With aim of reducing reaction time to possible collisions, the first approach is intended for 

integration on the controller of the robot itself. The algorithm considers limitations imposed by the 

closed control architecture and proposes applicable solutions for efficient collision detection.  

Aiming to extend the possibilities and increase reliability and sensitivity of detection, the 

second approach relies on implementation of more complex signal-matching algorithms enabled by 

the permanent connection with PC. This approach proposes an effective modification of elastic 

similarity measures to overcome the sampling issues and enable real-time implementation of 

performant collision detection. 

Following the discussion of results obtained from the experimental setup, the proposed 

approach for collision detection is discussed also in scope of a hybrid interaction detection in which 

it would be used to detect intentional interactions. 

The Fourth Chapter presents an innovative augmentation of the methods used in the Third 

Chapter, enabling matching signals from similar tasks. The alteration which enables the extension 

of the application field is based on the identification of kinematic parameters of the robot. With a 

goal of identification of parameters of the robot manipulator itself and its end effector, two 

innovative approaches are presented and discussed in terms of their reliability and applicability.  

The algorithm for detection of the parameters of the robot itself is based on obtaining 

partial-pose measurements of a point of interest on at the robotôs end effector and can be used for 

forming kinematic model of robot without limits to its joint configuration.  

The algorithm for determining parameters of the robotôs end effector is based on the analysis 

of images from two orthogonal planes, and it can be fully automated.  

Following the identification of the kinematic parameters of the robot and its end effector, 

this Chapter introduces the kinematically augmented non-model-based algorithm for detection of 

interaction forces, which enables correct interpretation of interaction influences under different 

movements. The Chapter concludes with discussion of the results and considerations for 

implementation in standalone and hybrid configuration with model-based approach. 

The Fifth Chapter summarizes conclusions derived from the overall discussion and results 

analysis of the work presented in the thesis. 
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22..  II NNTTEERRAACCTTII OONN  DDEETTEECCTTII OONN  
 

The intention of the research presented in this thesis is to use the existing sensors commonly 

found in industrial robots and use them with intention of detecting interactions of robots with their 

surroundings. Industrial robots typically feature sensors which are essential and used almost 

exclusively for the efficient execution of the direct and indirect kinematics control tasks.  

This chapter aims to present and summarize the different approaches in detection of physical 

interaction of the robot and its surrounding. The approaches will be discussed in terms of their 

reliability, complexity, sensitivity, and applicability in order to present their respective advantages 

and disadvantages.  

2.1. Approaches to the interaction detection 
 

2.1.1. Model-Based approach 

 

Model-based approaches are by far the most academically represented type of interaction 

detection algorithms. The primary field of research for these algorithms is collision detection and 

reaction, but they are applied also in areas such as kinaesthetic robot guidance [15]. There is a very 

good justification for their popularity in academic papers, and that is their sensitivity. Depending on 

the quality of the model they rely on, they can detect contacts measured even in fractions of 

Newtons, without using additional sensors which industrial robots typically do not possess. For that 

reason, these types of algorithms are popular choice of collaborative robotôs manufacturers, since 

they have the best possibility to obtain or calculate accurate models of the robots they produce. 

Simultaneously, they allow producers of collaborative robots to omit torque sensors from robot 

joints, which positively affects both the engineering challenges related to their integration in each 

joint and the final price. 

As their name suggests, model-based algorithms rely on model of the robot and 

identification of its parameters. A number of successful collision detection algorithms have been 

proposed so far, and they mostly rely on model of the robot or some form of dynamics model [5], 

[8], [9], [10], [12], [16], [17], [18], [19], [20]. Some of them include algorithms to identify the 

model [9], [17], [18], [21], [22] of the robot which they use to predict values of currents or torques. 

Predicted values are then compared with measured values in order to detect collisions.  

Mostly, the model which they require is the dynamics model, including inertia, friction, and 

rigidity related parameters, which in turn also relies on kinematic parameters of the robot. Whereas 

the identification of the latter is generally easier to attain, identification of the dynamic parameters 

is much more complex [23], [24], [25], [26], [27], [28], [29], [30], [31], [32], [33], [34]. While the 

theoretical and practical procedure for their identification have been known addressed in numerous 

research papers, there still are limitations to the practical implementation. These limitations are 

mostly related to the physical and structural possibilities of the robot to perform movements 

necessary for the successful identification of the required parameters. This is evidenced by the 

numerous research papers related to the calculation of optimal excitation trajectories [35].  

Model-based algorithms can only reach peak performance if they are applied to the robot 

under same circumstances as when the model was identified. If some relevant piece of equipment or 

accessory, such as robot tool or wire feeder for welding robot, is changed or was omitted during the 

identification of dynamic parameters, the entire modelling process may need to be repeated [36]. 

These issues are addressed to some extent by the possibility of certain robot brands to run a built-in 

routine for identification of inertial parameters of the load or gripper. However, this feature does not 

solve the issue of equipment which is not attached to the end-effector, and tools or load which do 

not allow performing movement required to identify these parameters due to spatial or structural 

constrictions. 
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Another drawback of model-based algorithms is that unmodelled interaction forces which 

occur during intentional physical interaction of robotôs end effector during contact tasks may cause 

improper behaviour. If models of such interactions are not accounted for, they may lead to false 

collision detections, affecting the production cycle and overall efficiency. Various techniques [10], 

[12], [18], [21], [37] have been developed to help prevent contact misinterpretation, such as various 

filtering and analysis of the duration and intensity of detected change, or learning from previous 

measurements. Some of algorithms are able to identify collided link [8], [17], [37] and react 

accordingly, in order to minimize the severity of impact or modify robot trajectory or joint 

configuration. However, the additional analysis and filtering induce additional time needed for 

interpretation, effectively slowing down the reaction and therefore possibly increasing the risk and 

severity of the injury. 

In practical terms, this drawback is commonly addressed with introduction of force/torque 

sensor between the robotôs flange and the end effector, which does provide useful feedback which 

can be used to mitigate these issues. However, there are certain limitations to this approach, besides 

increased implementation complexity, and they are especially related to the nature of the contact 

task and/or environment where the robot operates. Manipulation of heavy loads is one example 

where the possibility of integration of these sensors is questionable and complex due to the transfer 

of weight from the end effector to the robot body. Tasks which expose end effector to vibration or 

impacts are typically not favourable conditions for implementation of force-torque sensors since it 

may affect their reliability or longevity. The same can be applied to work in environments with high 

temperatures, humidity or otherwise unfavourable conditions for which robots have adequate 

ingress protection (IP) level, but there are no sensors with comparable protection level. 

 

2.1.2. Non-model-based approach 

 

Approaches which do not require a model of the robot to detect its interactions with 

surroundings belong to a group of non-model-based approaches. However, in some cases it is 

difficult to constitute a line which determines to which extent can certain approaches be considered 

as non-model based. That line depends on the perspective of what is considered as a model. In this 

thesis, non-model-based approaches and algorithms are those which do not rely on parameters and 

values which have direct corelation with physical parameters of the system. Therefore, to some 

extent, this definition could include neural network and fuzzy logic-based algorithms which may 

even be used to predict values of measured signals in robot joints [17], [37].  

The obvious advantage of non-model-based approaches is that they do not require complex 

identification of the model parameters. Consequently, their performance does not depend on the 

quality of the model which may be difficult, impractical, or even impossible to obtain. Moreover, 

this type of approaches and algorithms tend to be easier to implement in production environment 

since they are less likely to require specialist knowledge related to model identification and related 

experiment execution.  

Arguably the most important advantage of non-model-based approaches is that they 

implicitly  include the entire dynamic behaviour of the system they were developed and 

implemented for. This means that all interactions, process-specific phenomena, and behaviour of 

the system are accounted for and can potentially be used for the interaction detection, interpretation, 

and reaction. From the viewpoint of detection of interaction forces, this is a very important aspect, 

and the one which has a lot of potential if correctly implemented. 

The drawbacks of non-model-based approaches mostly relate to their lower sensitivity and 

versatility. Their lower sensitivity for detection of interactions, compared to the model-based 

algorithms, is mostly caused by the uncertainties of synchronizing the measurements from the robot 

with their corresponding expected values. Additionally, their versatility is limited by a predefined 

set of measurements they rely upon to detect and interpret interactions. If an action of the robot or 

the type of interaction with surroundings is out of scope of the set of measurements based on which 
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the detection and interpretation is performed, the algorithms may behave unexpectedly or 

incorrectly.  

The drawbacks of non-model-based approaches made them less attractive for researchers 

looking for universal solution for interaction detection. The strive to develop a comprehensive 

model-based solution, makes it easy to overlook the great potential that other approaches have, 

especially given the properties of the industrial environment in which they are arguably needed the 

most. Namely, the predominant types of applications for industrial robots include repetitive and pre-

defined tasks with a limited set of variations. That sort of environment favours the reliability, 

simplicity and applicability of the non-model-based approaches while minimizing the impact and 

importance of their drawbacks.  

The work presented in this thesis aims to explore and harness the potential of non-model-

based approaches for implicit inclusion of dynamic behaviour of the system by developing reliable 

and applicable algorithms for interaction detection. Equally importantly, the intention is to develop 

solutions for drawbacks of the non-model-based approaches and present them as viable or even 

preferable alternatives to the model-based algorithms. 

 

2.1.3. Hybrid approach 

 

In some respects, it is possible to notice that the two general approaches have 

complementary advantages in terms of complexity and implementation. A hybrid approach, 

combining advantages of both the model- and non-model-based type of algorithms is also examined 

and presented in this thesis. The main idea behind the proposed hybrid approach is to augment the 

non-model-based approach with coefficients corresponding to identified kinematic parameters of 

the robot. The kinematically augmented algorithmôs promising properties have the potential not 

only to expand the field of application of the non-model-based approaches, but also to solve some 

of the drawbacks of the model-based algorithms related to the contact interaction tasks. Another 

dimension of hybrid approach which will be theoretically examined is to use model and non-model 

based algorithms in a cascading fashion. In this configuration, model-based algorithms would be 

used to cover nominal behaviour of the robot and its task, while the non-model-based algorithms 

would be used to complement them by incorporating the unmodelled or unforeseen interaction 

dynamics. 
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2.2. Analysis of available signals 
 

The first step in understanding the possibilities and considering the design of the interaction 

detection algorithm is the analysis of the properties of the available signals. This section aims to 

provide insights into characteristics of signals that are commonly available in industrial robotics. 

Industrial robot controllers with closed control architecture rely on two main types of signals 

for efficient control of robot manipulators. These types of signals are necessary for achieving any 

meaningful robot behaviour and are consequently present in all types, configurations, and 

generations of industrial robots with rotational joints. 

The first readily available type of signal is the information about each of the joint angles, 

referred to as joint coordinates, and typically represented in degrees. Industrial robots almost 

exclusively receive this type of information from incremental encoders, although there are also 

other realizations employing absolute encoders and resolvers. This type of signals is used in control 

algorithms for both direct and indirect kinematics, along with angular velocity and acceleration, 

which are obtained as derivates and double derivates respectively.  

The second type of signals which are used in control loops is the measurement of joint 

currents. The range of their values depends on the rated values for the joint motors, and depending 

on the robot brand, they are either available in Ampers or percentage of the joint current rated 

value. Depending on the manufacturer, both representations may include the information on polarity 

or be represented in absolute values. Some manufacturers also offer another signal, and that is the 

torque values which are estimated based on the current measurements. Similar to joint currents, 

these estimates may be represented in absolute values of Newton-meters, or as percentage of the 

permissible joint torque values, but are almost always signed, i.e., have positive and negative 

values. 

Having in mind that the predominant architecture of industrial robots employs rotary joints, 

the effect of external forces of interaction on robot links translates into torques affecting the joint 

motors. At the joint actuator level, these torques manifest themselves in form of changes in joint 

current, indicating the presence of external force. The nature of the environment and tasks for which 

industrial robots are intended for has led to the design of control algorithms which efficiently and 

promptly eliminate the effect of the disturbances on the commanded joint position values. 

Consequently, the changes in joint positions caused by the external forces are rarely allow 

noticeable. For this reason, the primary source of interaction-induced information in industrial 

robotics are the measurements of joint currents, and the torque estimates based on them. 

Following sections will present the analysis of available and subject-relevant signals, with 

focus on joint currents and torques obtained from the industrial robot with closed control 

architecture. The robot used to illustrate signal properties is Denso VP-6242, a 6-axis industrial 

robot. Measurements from this robot are provided on a scale -100% to 100% for joint torques, 0% 

to 100% for joint currents and in degrees for the joint angles. 

 

2.2.1. Repeatability analysis 

 

Signal repeatability in the time domain is one of the most important aspects and 

preconditions for designing efficient non-model-based interaction detection algorithms. This signal 

property can be observed from the perspective of the robot itself i.e., its actuators and the equipment 

permanently attached to it, as well as from the nature of the desired contact task. The following 

results are related to the properties analysis of the former, while the latter will be addressed in the 

following sections on a case study-basis. 

With the aim of discussing this important property of the signal, measurements of joint 

values were recorded while the robot was performing the same repetitive task in cycles., and results 

were analysed. Thirty consecutive measurements from the same movement are shown on Figure 1, 

and they show that the overall shape of the signal is generally repeatable, which is favourable from 

the standpoint of the non-model-based algorithm development and implementation. However, 



10 

 

although the beginnings of the signal were matched to start at the same time instant, it is evident 

that they start to deviate from each other after only a few samples, and it is important to find the 

cause for this observation. 

Robot brands typically possess some form of parallel processing capability. However, these 

apparent parallel processes are often performed on single core processors, meaning that they are not 

strictly run in parallel. Instead, they share resources of the single processor by switching rapidly 

from execution of one process to another. This fact causes slight deviation of time instants in which 

identical command will be executed within a repetitive cycle. Therefore, it is very difficult to 

guarantee that measurements obtained in one of parallel processes will be performed with strictly 

accurate periods. That in turn means, that sampling of measurements will not be constant, but some 

periods will slightly vary from the others. 

 This also includes the motion commands, which consequently leads to the situation in 

which measurements from consecutive measurements from the identical movement do not match in 

time domain. Additionally, it is clear that one cycle of robot movement doesnôt necessarily contain 

a whole number of samples. When all aforementioned is put together, the result is that movement of 

the robot will not be sampled in same time instants. The consequence is that measurements from 

two identical movement cycles of the robot cannot be compared directly in an effective way. On the 

left graph of Figure 1, these differences are shown as set of 30 consecutive recordings of the torque 

measurements in a robot axis for same movement sequence, all varying in duration. 

 

Figure 1. (left) Measurements from 30 consecutive executions of the same movement [38] show time domain related 

differences in recorded signal caused by the differences in sampling instants. Signals have slightly different lengths, and 

they are shifted in time for up to 13 samples or just under 10% of the total length of the signal. (right) Six consecutive 

movement cycles and differences between them which are caused by sampling. Signal peaks shown in sections of signal 

marked in yellow are not visible on sections marked in red. Peaks marked in yellow and red show biggest effects of the 

issues related to numerical position derivation. 

Another observation related to the nature of the measurement signal of current/torque is the 

irregular occurrence of peaks, as shown on the right section of Figure 1. The occasional appearance 

of peaks in measurement is related to the fact that currents/torques are dependent on speed and 

acceleration in each joint [13],[15]. As mentioned earlier, due to the fact that industrial robots 

possess only position measurements from encoders, speed and acceleration are calculated 

numerically as derivatives and double derivatives of position measurements. Depending on the 

actual dynamics of the position change in relation to the sampling rate, these numerical derivations 

may result in values which do not correspond accurately to the actual dynamics of the robot [39]. 

Although these numerical values may differ from real values, they are absolutely adequate for the 

proper functioning of the robot due to robotôs inherent actuators and structural inertia which filter 

out the high frequencies of the control signal. However, from the standpoint of observation of signal 

deviations, these peaks may be mistaken for unexpected external forces. The peaks must not be 

filtered out because they may contain important indications of a collision or other real external 

force/torque which are of importance for the collision detection algorithms and worker safety. 
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2.2.2. Statistical signal analysis 

 

Detection of interaction of industrial robots with their surrounding requires setting certain 

thresholds and limits which are used to determine whether certain interaction has occurred or not. 

The thresholds for such detections can be determined in various ways, but all of them require 

understanding of the factors which influence their values. For better understanding of these 

influences, the following analysis is conducted on first three joints of the 6-axis industrial robot to 

demonstrate effects which position, speed and acceleration have on signal properties. These joints 

were selected specifically because they contribute the most to the positioning of the robot end-

effector, and therefore best illustrate these influences.  

In the first test phase, for each joint, both currents and estimated torques were recorded 

along with the joint positions which are used primarily to better depict different stated during 

measurements. Each joint was moved individually, and the same movement was repeated with 5%, 

10%, 20% and 40% of the maximum speed of the robot, to which corresponds 0.25%, 1%, 4% and 

16% of the maximum acceleration. 

The measurements from the 1st axis shown on Figure 2 show that, both for the joint torque 

and the current, the influence of the joint position does not have any noticeable effect in the 

stationary state, when the angle does not change. This observation in due to the fact that the 1st axis 

of the robot is vertical and is therefore unaffected by the weight. The influence of speed and 

acceleration is evident in each of the transitions to the new position, and it is quite repeatable in 

shape for the same reason. In this example, the current and the torque have similar shapes, and their 

real physical correlation is evident. The exception can be noticed at the beginnings of each 

sequence, since the torque has negative values, whereas the current is shown in absolute values. The 

values of the variance in the stationary state are ů2 = 0.1283 on average for the current and ů2 = 

0,1452 for the torque for the 4 regions without change in angle. 

 

 

Figure 2 Influence of the joint position and speed on measured values from the 1st axis. The graphs illustrate that the 

stationary currents and torques for the 1st axis are mostly unaffected by different positions due to the invariance to the 

influence of gravity and unchanged weight distribution. The effects of speed and acceleration differ only in the periods 

with movement. 

 

The 2nd axis of the robot presents same type of measurements as shown for the 1st axis, but 

performed in both directions, for increasing and decreasing joint values. Since the 2nd axis is 

horizontal, the measurements show differences between the upward and downward movements, 

caused by the different weight distribution and its effect on joint torques and currents. Results 

shown on Figure 3 show that the different positions do not affect the variance of the current and 

torque signals in stationary states, which are ů2 = 0.0631 and ů2 = 0.0029 respectively. Transient 

periods show that profiles of currents and torques during the movement differ from each other in 
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shape, which is caused by the different weight distribution of the succeeding links and joint. When 

observed for the same portion of the signal, it is evident that shapes of torques and currents are 

scaled mirror images of each other, with exception to the sections where differences exist due to 

availability of absolute values of the currents.  

The same conclusion as with the upper row of Figure 3 can be made with the lower row of 

the same figure, on which the values recorded during upwards motion were recorded. The variance 

in the stationary sections is almost identical to the previous analysis, but the variance in the 

transient periods is smaller. 

 

 
Figure 3 Influence of the joint position and speed on measured values from the 2nd axis. (upper row) The graphs during 

downward movements illustrate that the stationary currents and torques for the 2nd  axis increase in mean values due to 

the influence of gravity and changes in weight distribution. The effects of speed and acceleration also change with 

changes in robot joint configuration. Torques resemble scaled mirror images of currents in regions where the current 

does not change sign. (lower row) The graphs during upward movements illustrate that the stationary currents and 

torques for the 2nd axis decrease in mean values due to the reduced influence of gravity and changes in weight 

distribution. The effects of speed and acceleration also change shape with changes in robot joint configuration. Similar 

to the downward motion, the torques resemble scaled mirror images of currents in regions where the current does not 

change sign. 

 

The conclusions made for the analysis of the 2nd axis are also valid for the analysis of 

downward and upward motion of the 3rd axis, shown on Figure 4. The difference in tested angles is 

caused by the physical constructions of the robot, which limit the motion of the 3rd axis, not 

allowing angles smaller than 19 degrees. The variance of measurements in stationary periods is 

almost identical for each joint angle and is equal to ů2 = 0.1125 for joint currents and ů2 = 

0.2131*10-3 for the joint torques. 

For the next phase of testing, each of the axis was moved individually in both directions, 

with increasing speed. The first movement was made with 5% of maximum speed, while the 

following movements were made with 10%, 20% and 40% respectively. The Figure 5 shows 

recorded joint currents and estimated torques, as well as angular joint speeds which were calculated 

offline based on the recorded joint angles. 

Results from the measurement from the 1st axis show that the speed and acceleration do 

have influence on the variance of the signal, as shown in Table 1 and Table 2, and that higher 

values of calculated speed have higher variance as well. Closer observation of the calculated 

angular speed reveals occasional peaks related to the numerical derivatives and irregular sampling 

periods, which is even more evident from the analysis of the lower left graph showing angular 

speed recorded with the current measurements. Another observation which can be made for all 
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graphs is that measurements of torques shown in the upper row, and currents, shown in the lower 

row, have up to 10% different numbers of samples, although they belong to the same movement 

sequence, providing further proof about the differences in sampling periods. 

 

 
Figure 4 Influence of the joint position and speed on measured values from the 3rd axis. (upper row) The graphs during 

downward movements illustrate that the stationary currents and torques for the 3rd   axis change in mean values due 

changes in weight distribution. The effects of speed and acceleration also change with changes in robot joint 

configuration. Torques resemble scaled mirror images of currents in regions where the current does not change sign. 

(lower row) The graphs during upward movements illustrate that the stationary currents and torques for the 3rd axis 

reach highest mean values at the angle of 90°, since the centre of the mass is at its furthest position from the observed 

joint. The effects of speed and acceleration also change shape with changes in robot joint configuration. Similar to the 

downward motion, the torques resemble scaled mirror images of currents in regions where the current does not change 

sign. 

 

Figure 5 Influence of the joint speed on measured joint values. (left column) Effect of the speed on the 1st axis 

measurements shows that the speed has non-linear influence on the variance of the measured signal at the specific 

sampling frequency. Since the axis is unaffected by the gravity, profile of torques shown in the upper part is 

symmetrical. (middle column) Influence of the changes of speed is non-symmetrical due to the different 2nd joint motor 

effort in upwards and downwards motion. Upward motion results marginally in higher signal variance. (right column) ) 

Influence of the changes of speed on the 3rd axis is non-symmetrical due to the different joint motor effort in upwards 

and downwards motion, which is better observed on the torque graph. (upper row) Profiles of the torques are more 
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intuitive to the analysis since they have both positive and negative values. (lower row) For the same movement, 

duration of the sequences with current measurement is different from those of the sequences with torque measurement, 

shown in the upper rows. 

 
Table 1 Influence of speed on the standard deviation ů of joint currents and torques 

 

 

Speed 

1st axis 2nd axis 3rd axis 

Current ů 

up/down 

Torque ů 

up/down 

Current ů 

up/down 

Torque ů 

up/down 

Current ů 

up/down 

Torque ů 

up/down 

5% 1.1125/0.7512 1.3106/1.1674 0.2477/0.2486 0.1182/0.0538 0.2591/0.2632 0.1743/0.1904 

10% 1.8436/3.0848 2.5471/2.0940 0.2233/0.2790 0.2204/0.3109 0.2460/0.2143 0.1927/0.2213 

20% 2.3864/1.6495 2.4470/1.9838 0.2359/0.2381 0.1388/0.1302 0.2381/0.2691 0.2703/0.2148 

40% 1.6772/4.3021 4.5836/3.4267 0.1875/0.2173 0.0120/0.0014 0.2429/0.2942 0.5770/0.7226 

 

A sequence featuring movement at different speeds and to different positions, will have 

sections with different joint measurement dynamics. Although variance across the sequence will 

differ, each section generally conforms to Gaussian/Normal distribution, and therefore standard 

deviation ů can be used to determine the limits within which all measurements should occur. 

However, in cases where a sequence feature underrepresented and drastic changes in the dynamics, 

induced, for example, by the changes of the motion speed as in Figure 6, the variations are not 

always within the range defined by the standard deviation, as shown in red. Consequently, the 

conformity to 3ů interval, is best applicable to the regions with similar variance, as show in yellow 

on Figure 6. Therefore, in such signals the limits may best be determined in a segmented fashion, 

with each segment corresponding to the region with similar variance, as shown on Figure 6. 

Alternatively, the variance may be observed on a sliding window basis, width of which depends on 

the performed task, as shown in purple on the same figure. The latter is by far the most appropriate 

for the applications in which deviations need to be detected, as such limits offer better sensitivity. 

However, it is important to note that the detection of interactions often involves numerous 

compromises related to implementation and complexity, including those related to detection 

thresholds. 

 
Table 2 Influence of acceleration on the standard deviation ů of joint currents and torques 

 

 

Acc. 

1st axis 2nd axis 3rd axis 

Current ů 

up/down 

Torque ů 

up/down 

Current ů 

up/down 

Torque ů 

up/down 

Current ů 

up/down 

Torque ů 

up/down 

0.25% 0.6823/0.6649 0.7404/1.1751 1.1783/1.4022 0.7325/1.3214 17522/2.1761 2.4862/3.4641 

1% 0.8164/3.0848 0.7196/0.5693 1.4194/1.3965 1.5532/1.4382 2.1201/2.1691 3.2297/2.9094 

4% 1.7844/1.5855 1.9492/0.9976 3.3351/2.8852 3.2123/2.6564 2.7813/2.6931 4.0892/4.0996 

16% 1.6762/2.6651 3.5512/4.2231 4.1914/2.8623 5.7054/4.6271 6.0691/5.2112 6.1269/4.7553 

 

 

Figure 6 Signal limits determined on three standard deviations from the mean value. The figure illustrates the effect of 

the observed interval of the sequence to the conformity to Gaussian distribution. The best results are achieved when 

sections with similar speed are observed, or when sliding variance window principle is applied. 
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The previous analysis has shown the effect of the position, speed, and acceleration on the 

measurement variance. Industrial robots are relatively complex machines with intricate correlation 

and cross-influence of their integral parts. The following analysis aim to illustrate some of these 

cross-influences using an intuitive and simple example.  

 For the two joints whose axes are not perpendicular to each other, movement of one joint 

affects the joint currents on the other joint. Such effect can be best observed in joints with parallel 

axes, such as 2nd and 3rd joint, measurements from which are shown on the Figure 7. The left 

portion shows the effect movement of the 2nd axis has on currents and torques of the 3rd axis. The 

right portion of the figure shows the opposite situation, in which the 2nd axis is stationary, but still 

affected by the movements of the 3rd axis. 

 

Figure 7 Cross-influence of the torque of stationary joints observed on an example of joints with parallel axis. (left 

column) Effects of movement of the 2nd axis reflected on torques and currents of the 3rd axis. (right column) Motion of 

the 3rd axis influencing torques and currents of the 2nd axis while it was not moving. 

 

Results from Figure 7 illustrate that the motion of one axis has manifested itself onto a 

different stationary axis in form of disturbances in mean value of currents/torques, as well as in 

some occasional influences on the variance. These influences are a consequence of the shifts in 

distribution of the mass and the inertia experienced by the observed stationary axis. However, 

although the disturbances differ in dynamics, they have similar peak values and similar shape, 

though stretched and compressed in time domain. This indicates that at speeds up to 40%, 

movement acceleration impacts on the torque are much less prominent than the influence of 

gravitation acceleration, and consequently the weight distribution. This conclusion will be 

important for the analysis in the 4th Chapter, where spatial relation of joints is considered.  

From the aforementioned observations, it is possible to conclude that industrial robots with 

closed control architecture pose a unique set of challenges when it comes to detecting deviations 

from their expected joint current values. When these challenges are viewed from the perspective of 

interaction detection, it should additionally be noted that all signal processing and decision making 

must be made in very short amount of time in order to make timely reactions of the robot and 

prevent injury or damage. 
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33..  DDEETTEECCTTII OONN  II NN  RREEPPEETTII TTII VVEE  TTAASSKK SS  
 

The traditional philosophy of automation still often divides automated and robotized 

processes from humans. There are numerous reasons why the division has been considered 

desirable and even necessary, but the most important reason is safety of the human workers. 

Although industrial robots have come long way since they were first introduced in production, for a 

long time they were developed to work in human-free environments, and hence the safe interaction 

was not a major concern.  

Prerequisites for safe physical human-robot interaction are described in three nested layers 

which robot must guarantee ï safety, coexistence, and collaboration [8], [9]. Safety, the innermost 

layer, relies on various internal and external sensory, mechanical construction, control algorithms 

and speed of the robot to reduce the risk of injury to the worker and of damage to the robot. 

Consequently, lot of research [3], [4], [5], [16], [40], [41], [42], [43] has gone into standardization 

and setting safety limits for human-robot interaction. Collision detection is one of the key aspects of 

the safety layer, and it is one of the few features of safety possible to effect on an industrial robot 

without any external sensing and closed control architecture. Efficient collision detection also 

enables sharing of the workspace with humans, and opens possibility for coexistence, since humans 

and robot can perform separate tasks in the same environment. Collaboration requires physical 

interaction between human and robot in such way that the robot can sense the intentions of human, 

and react accordingly, as well as to exchange information with the worker in an intuitive and 

predictive manner [44], [45].  As such, collaboration is the next from coexistence, and is therefore 

also dependent from reliable collision detection. 

One of the basic ideas of the algorithms proposed in this Chapter is to use the fact that most 

present robot tasks in industry are highly repetitive. This fact enables recording of one typical 

movement cycle of the robot and using recorded values as reference current/torque sequence. 

Comparing reference sequence with measurements obtained from the robot during its operation 

enables detecting deviations from reference values. Collision detection algorithms proposed in this 

Chapter and in [13], [38] rely on these principles in order to detect collisions and react accordingly. 

Although these algorithms are not as versatile as model-based algorithms in terms of modification 

of robot movement, they offer advantages in reduced complexity and reaction time. Additionally, 

since reference sequences are recorded from the real operation cycle of the robot, they inherently 

include changes to the current/torque profile induced by picking and placing, assembling, as well as 

other intentional contacts.  
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3.1. Implementation on the robot controller 
 

The first algorithm for interaction detection to be presented and analysed in this thesis is 

intended for implementation on the industrial robotôs controller with closed architecture and limited 

capacities for connection to external devices. As mentioned before, the closed control architecture 

of controllers is typical for most robot brands, and it often allows very basic structures and types of 

commands. Compared to [12], [16] [19], [21], [10] and in particular similar method used in [18], 

this section presents an algorithm which can be fully implemented inside robot controllers with 

closed control architecture, without torque or any other external sensors or devices, as a 

contribution to safer human-robot coexistence. 

The idea behind implementation of the algorithm on the controller itself is that it could 

positively influence the reaction time to the detected interaction. Gathering, arranging, and sending 

information to external devices and waiting for processing and feedback regarding the detected 

interaction may consume valuable reaction time, especially with older generations of robots, whose 

processing power is not substantial. Instead, the intention is to use some of the commonly used 

communication protocols to perform data acquisition, analysis, and setup in conjunction with a PC, 

and then apply a simple detection algorithm on the robot. The algorithm relies on readily available 

joint current or torque measurements, and the ability to stop the robot motion with a high priority 

level command or hardwired signal. The relative simplicity of the algorithm ensures its fast 

execution and minimal processing effort on the controllerôs side, but it is also very convenient as an 

introduction to the idea of non-model-based approaches.  

 

3.1.1. Principal Design 

 

The design and background idea of the presented algorithm imply that the field of its 

application are robot tasks which involve movement which repeats in cycles in identical ways and 

under same circumstances. Consequently, the measurements of currents or torques on a joint level 

are also expected to repeat in values cyclically. The main idea of the algorithm is to record these 

values during execution of one representative cycle are then use them as reference values for all 

following cycles. All deviations of the measured values from their corresponding reference values 

indicate that there is an unexpected interaction with an external force. The algorithm itself cannot 

determine the nature of the unexpected interaction, and therefore all deviations from the reference 

values are considered to be collisions. For that reason, the approach presented here effectively 

describes the working principle of the collision detection algorithm. It goes through steps in 

execution of the algorithm and explains how the collision is identified on a joint level, with the 

following description being valid for every joint.  

The algorithm contains two procedures, out of which only one is executed at any time, and 

there are two main phases required for the successful implementation of the interaction detection 

algorithm.  

The first phase is related to the actions needed for the proper setup of the algorithm, setting 

the reference values and tolerances. In the setup phase, the first procedure is executed only once, 

and its sole purpose is to record joint torques while robot is performing its main, repetitive task. 

During execution of the first procedure, torques from several periods of repetitive movement are 

stored in internal memory of the robot. The recorded values reflect the effects which the internal 

and external forces have on joint during a typical cycle of the repetitive task execution. For this 

reason, they are used as reference values to which measurements from all subsequent cycles of 

repetitive task execution will be compared against in order to detect potential unexpected 

interaction. 

The second procedure has dual purpose, and it is used both in setup and operation phase. In 

the setup phase, the second procedure is executed after acquisition of the reference values and used 

to determine the number of samples in one period of execution, which is later used for resampling 

purposes. The reason for using the second, rather than the first procedure to determine the number 
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of samples is that this procedure will also be used in operation phase, unlike the first procedure. The 

determined number of samples, which depends on the complexity of the executed procedures, will 

therefore represent number of samples which will be encountered in operation phase. 

In order to perform measurements reliably, both procedures rely on triggering signal from 

the main task of the robot, which is used to ensure synchronization of measurements with the 

periodic movement of the robot. 

Once the measurements are acquired/recorded, they are transferred to PC for processing, 

where they are analysed in terms of dynamics and signal limits. Processing includes generating 

reference limits of the torque for one period of task execution, as well as limits related to the 

dynamics of the signal. After reference limits are determined, they are transferred to the robotôs 

controller to be used for collision detection, from which point onwards, the connection with PC is 

not required.  

The second phase of the algorithm is related to the actual operation of the robot with 

interaction detection functionality. In this phase, only the second procedure is used and its main 

assignment is to compare online measurement values of the torque with reference limits in order to 

detect collision/interaction. Collision detection is a result of at least one of two conditions being met 

at any joint. First condition, or first decision rule, is that measured torque is within expected limits 

set by the PC, and it is more sensitive to detection in periods when acceleration of the robot is not 

changing rapidly. Second condition, or rule, is related to the dynamics of the torque signal, and it 

demands that difference between two consecutive samples is smaller than a certain value. The 

second condition is more restrictive in periods with higher torque dynamics, i.e., when acceleration 

changes sign or values rapidly. 

Since it was shown in [12], [16], that collision on a segment influence is most prominent on 

joints that preceded it, the implemented algorithm can also detect where the impact has most likely 

occurred. Although this information can be useful in many situations, in current implementation it is 

used only to verify the validity of the collision detection in testing phase, and as such is not subject 

of any further analysis or discussion. 

Algorithm and both of its procedures are designed to run as processes parallel to the main 

robot task. When robot is performing its main routine in the operation phase, the second procedure 

is running in background, and its only task is to stop the movement of the robot and signal to the 

main routine when collision is detected, as shown on Figure 8. 

 

Figure 8 Structure of collision detection algorithm [13]. The algorithm requires PC only during setup, and it can stop the 

movement of the robotic arm independently of the main robot task 
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3.1.2. Setting reference limits and thresholds 

 

Analysis of the signal was conducted on a set of samples from multiple measurements. 

Values of tolerances and signal dynamics mentioned in following text are particular values for the 

performed sequence. However, corresponding values for decision rules can be generated for any 

given sequence. 

The left graph of Figure 9 shows thirty execution sequences of the task while the right graph 

shows absolute differences in neighbouring samples. By analysing sequences shown in Figure 9, it 

is possible to make two observations, both of which are results of varying number of samples in one 

period of execution. First, that the torque signal might appear to be stretched, compressed, or shifted 

in time compared to other recorded sequences, which is the primary cause for differences between 

any two sequences at any sample point. However, within one period of cycle execution, torque 

signal preserves its general shape. The second observation is that the moment when 

acceleration/torque changes its sign is not constant.  

Due to the design of the robotôs controller discussed previously, it is impossible to affect the 

time when torque is sampled and improve the situation, so the focus is on finding adequate 

compensation. 

With regards to analysis of graphs in Figure 9, it is possible to differentiate two different 

regions based on dynamics of the signal. First region is where acceleration of any joint is relatively 

slowly changing, and the second region is where it rapidly changes its intensity and sign. First 

region can be identified on right graph of Figure 9 as period with differences in neighbouring 

samples of less than 12%, and the second is marked by the regions with changes of more than 12%. 

The two mentioned regions require two different strategies for identifying collision.  

 

Figure 9 Left graph shows sample of 30 consecutive periods of the torque signal of the third axis [13]. Differences in 

successive samples over one period of the signal, shown on right graph, differentiate regions with higher and lower 

dynamics. 

From the first observation, it is possible to conclude that the envelopes of measurements 

shown in left graph of Figure 9, can be approximated relatively well, and generated from just one 

signal shifted in time backwards and forwards. The maximum number of samples for shifting at any 

direction can be obtained from second observation, i.e., from the region with rapid change in torque. 

From the left graph of the Figure 9, it is possible to measure that difference of first and last falling 

edge of the signal in this region is 8 samples. If the leftmost signal is shifted 8 times for amounts 

from 1 to 8, the upper envelope at any point can be approximated as maximum of at any point of all 

the shifted signals. Similar thing can be done for lower envelope and minimum at any point. The 

two envelopes are shown on left graph of Figure 10. 

Statistical analysis has shown that the variations in amplitude of any sequence outside this 

envelope do not exceed 3%. Since it was conceived that the execution of algorithm during setup is 

performed only once, it could have happened that the only signal obtained was signal similar to the 

rightmost sequence on Figure 9 on the left. In that case, the envelope would have been created by 

shifting the signal 8 samples to the left. Since it is not possible to be sure from which extreme 
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sample sequence may be obtained, the way to be sure envelope will contain all the signals is to shift 

the sample sequence both left and right. The statistical analysis of testing for the region critical for 

this occurrence on more than hundred recorded sequences has shown that the time shifts conform to 

the 3ů interval from the mean value and the amount of shifting was therefore set to rounded amount 

of 10 samples.  

 

 

Figure 10. The left graph shows limits for the signal which allow for different number of samples per period, as well as 

approximation of envelope for all shown signals [13]. Right graph shows limits to the signal imposed by two detection 

rules, with second rule narrowing transition region. 

With respect to analysis of deviation of signals from the previously described envelope 

approximation, the first rule, or condition, for detecting condition can be derived. Upper limit for 

the signals can be set as values of upper envelope increased for 5%. Similarly, lower limit for 

signals can be calculated as values of lower envelope reduced for 5%. Signal limits are shown on  

Figure 10 as rule 1. 

The second rule, or condition, for detection is intended to identify collisions in areas where 

torque has higher dynamics, i.e., were acceleration changes rapidly. Widening the regions where 

rapid changes occur means that some collisions may remain undetected, as it will be shown in 

evaluation section. From the right graph of Figure 9, it is possible to notice that in areas of interest, 

difference between two neighbouring, or succeeding samples is never greater than 22%, which was 

also confirmed by testing on a larger sample of sequences based on which the 3ů interval was 

calculated and rounded to the first higher integer value of 25%. This observation was used to form a 

second rule, or condition for detecting collisions. If absolute difference between neighbouring 

samples is greater than 25%, the second rule will indicate collision. 

 

3.1.3. Implementation of detection rules 

 

Processing of obtained torque values is one of the most important tasks in the entire algorithm since 

its results are used as reference tolerances and limits based on which the collisions are detected. 

There are various aspects of the processing, and each one of them will be explained separately. 

One of the main issues is adaptation to different sampling times which correspond to each of two 

procedures of the algorithm. Although both procedures have similar structures, execution of one 

cycle in each one of them is different, but relatively procedure-consistent. Therefore, if each 

procedure executes command for torque measurement once per its cycle, it is inevitable that these 

torque values will be sampled with different periods. Since robotôs controller doesnôt have the 

ability to perform tasks with strict time execution, i.e., to perform tasks with absolutely exact 

periods, these periods are considered sampling times in this thesis. In order to compare 

corresponding samples to each other, it is necessary that sampling times of reference and execution 

sequences are identical, or very close. To do so, it is needed to measure period of each sequence. 

However, due to the fact that period of the robot movement does not contain a whole number of 

samples, analysis of the signal has indicated that one period of the movement may correspond to 
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different number of samples. Since number of samples needs to be a whole number, the best 

possible solution is to pick number of samples closest to the average value. When number of 

samples per period has been set for each sequence, it is possible to resample reference sequence to 

match sampling time of execution sequence. 

From resampled reference sequence, it is now possible to extract one representative period of signal 

and use it as a base for further formation of reference limits period. Each period of movement 

execution contains slightly different number of samples, whose mean value is not necessarily equal 

number of samples of the resampled reference sequence. Over long time, difference in number of 

samples may accumulate if the new period of reference signal is started when the previous has 

ended, and lead to a situation where two sequences are not in phase or may even be in opposite 

phase. Therefore, in order to prevent potential accumulation of error, it is suggested that main 

program should trigger the start of each new sequence of reference values. Final step was to create a 

single period of reference limits by shifting reference torque period in time and adding tolerances to 

its values, as explained in previous section. 

Stopping movement without cutting off the power of the motor is action which can be 

implemented in various ways on most robots in existence. This enables resuming the motion and 

execution of the program from the point where it was stopped, once the cause and consequences are 

no longer present. It is a significant improvement over going through steps needed for going out of 

the safety procedures for treating post-collision states which may include but are not limited to 

clearing some signals and warnings, resetting programs, switching on the power to the motors and 

starting the program from the beginning.  

Optionally, the main task can use information about detected collision in order to react to it 

in designated manner in order to reduce further injury or damage. The robot can react to a number 

of ways [12], [16] including continuing movement, stopping, moving back, or activating 

collaborative mode. While algorithm itself stops the movement in event of collision, another 

reaction has been implemented on the robot, which is to move away from direction of detected 

impact. This is possible thanks to the use of torque measurement, which carries the information 

about the sign of deviation. This information can be effectively used to determine from which 

direction has disturbance occurred, and it is available for all joints. When collision is detected, the 

algorithm stops the movement, and measures differences between set reference limits and last 

measured values of torque in every joint of robot. These differences are than scaled and used to 

indicate how much the robot should move at every joint affected by collision.  

While having many benefits, aforementioned and various other reactions to collision can be 

implemented only on certain models of robots, and in ways which might not guarantee safety. Since 

focus of this algorithm is on implementation of safe reaction on collision, and in a way which is 

easy to implement on various brands and generations of robots without any external equipment, 

other reactions are out of the scope. 

 

3.1.4. Experimental Validation and Discussion 

 

Implemented algorithm has been tested on Denso VP-6242 robot with RC8 controller. All 

the functions and procedures are implemented in robotôs controller using Wincaps III environment, 

which is standard programming software for this brand of robots. Demonstration of collision 

detection can be seen on https://youtu.be/nO4i5bA0gIU. 

The first phase of testing was performed offline, on a PC, to test the performance of rules for 

collision identification. First, more than hundred sequences of execution of the repetitive routine 

without collision were recorded. After that, similar thing was done, but for sequences in which at 

least one collision has occurred in each period of execution. During acquisition of the sequences 

with collisions, it was attempted to generate various types and intensities of collision, by pushing, 

pulling, gradually increasing force, or making short time impacts on the robot.  

Some of sequences without collision were used to generate reference torque limits and set 

tolerances. For each of the calculated reference torque limits and tolerances, there were two cycles 

https://youtu.be/nO4i5bA0gIU
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of testing. The first cycle of testing was with remaining sequences without collision. The aim of this 

testing was to count number of false collision identifications caused primarily by variations in 

number of samples per period. The result showed that if the signals used for forming upper and 

lower limit were shifted for five samples compared to original signal, false identification happened 

in less than 1%. However, if the signals were shifted for nine samples, there was no false 

identification. Even though significant shifts of recorded signals were noticed, triggering signal, 

described earlier, has ensured that signals stay in phase, and shifted references have ensured that 

only irregular sequences can deviate from them.  

The second cycle of offline testing for each set of limits and tolerances was conducted with 

sequences with collision. The aim was to determine if collisions can occur without detection. For 

this testing, limits were formed from signals shifted for nine samples compared to the original 

signal. Therefore, primary concern was in detecting collisions in areas where acceleration changes 

sign, where first rule is less sensitive, and where difference in subsequent samples is more 

restrictive detection rule. Test results have also shown that combination of two rules has resulted in 

only one false identification as a result of first rule, and zero false identifications caused by second 

rule. At the same time, zero real impacts which exceed set tolerances were ignored. 

The second phase of testing was primarily focused on verifying the reliability of collision 

detection. The detection was tested for the entire robot, as well as for each joint individually. 

Individual testing for each joint was performed by increasing the thresholds for all other joints. In 

this manner, overall execution of commands was not modified in any way, and the program itself 

operated in normal conditions, while only being sensitive to desired joints. 

For each joint, it was attempted to cause various types of collisions, with different timing, 

intensity, duration, and impact location. For the entire robot, identification of joints affected by 

impact was used in addition, in order to verify proper identification. 

The robot was also left on several occasions to repeat its task for 4 h without stopping, in 

order to check for false collision detections. Testing on robot has only confirmed testing results 

from offline testing, with zero false detections, and satisfactory sensitivity to collisions. Results 

given on Figure 11and Figure 12 show proper identification of collisions on first three joints using 

first decision rule, and one occasion where only second decision rule detected collision on third 

joint. Collisions are detected with first sample which exceeds the limit, the movement is stopped 

within same cycle execution, after which the program will execute one more sampling cycle. 

Unfortunately, without external force sensors, the correct reaction time cannot be measured. 

However, it was estimated that reaction time is around 0.02 s. 

 

 

Figure 11. [13] Left graph shows three occurrences of collision detected using first rule on first axis, while right graph 

shows application of first rule on three examples on second axis. 
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Figure 12. Three occurrences of detected collision on third axis [13] (left) using first rule and one example of collision 

detected with second decision rule (right). 

The third phase of testing was related to convenience of use. Robot is programmed in usual 

manner, with the only difference at the beginning of the repeating sequence, where a trigger must be 

activated with a single command. All torque acquisition, processing, and comparison related to 

collision detection are done by service routines. 

These routines run in background, in parallel with the main program, and they are started 

automatically by switching to mode for automatic execution. To ensure proper execution, the 

algorithm related routines are protected from unauthorized persons. During setup phase, the user 

needs to perform only four simple steps. First, the user chooses appropriate procedure by setting 

corresponding variable values on the robot, after which recording of the torques starts 

automatically. When this phase is over, the second routine will automatically start, and determine 

duration of one period of the repetitive movement. The second step for the user is to transfer 

recorded measurements and period duration to PC, where a routine automatically processes signals, 

and calculates referent torque limit values, as well as tolerances. The third step for the user is to 

transfer calculated values to robotôs internal memory, after which PC can be disconnected. The 

fourth and final step of the user is to run the algorithm in collision detection mode by setting 

predetermined value of the variable. 

Testing has shown that, although the algorithm has good performance and sensitivity, it is 

limited by the processing capabilities of the controller and lack of even sampling which would 

make it even better. The implementation of the synchronization trigger signal is of crucial 

importance for the proper functioning over extended time periods, and it has proven itself to be a 

simple, yet effective solution. The implemented safety measures and implementation simplicity 

have certainly increased the likelihood of proper setup and use, preventing misuse or serious 

consequences for the operator. 
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3.2. Integration on a computer 
 

Previous related work [13], [14] has shown that it is possible to design a collision detection 

algorithm which has satisfying performance and which is simple enough to be implemented on the 

robot controller itself. The algorithm requires connection to the computer only in the setup phase, 

when signal limits are determined, and it can operate independently in regular use. However, the 

main drawback of such algorithm is that the computer needs to be connected every time the 

movement of the robot is modified, in order to determine new limits. Moreover, additional tests 

have also shown the possibility that the algorithmôs performance can deteriorate over longer 

operation times. The reason for the deterioration can be found in small changes of the dynamic 

parameters of the robot during long periods of execution, which then affect profiles of the measured 

signal. Although such changes do not affect the safety aspect of the system, they may occasionally 

cause false alarms since the algorithm is not flexible enough to adapt to them.  

The motivation for this section is to design an efficient collision detection system that can be 

used with various brands of existing industrial robots without any external sensors or alterations to 

robotôs control algorithms or mechanical design. In order to achieve better performance and 

reliability, collision detection algorithm itself is implemented on a PC with permanent connection 

with the robotôs controller. The following sections give special attention towards solving 

implementation issues along with experimental validation on two robots from different brands. By 

developing a collision detection algorithm for industrial robots with no such capabilities, the 

intention is to minimize the risk and severity of potential injury to human workers, making a major 

step towards fulfilling conditions for safety and coexistence.  

 

3.2.1. Principal Design 

 

This section is dedicated to presenting the principle on which this detection algorithm is 

based on. As mentioned earlier, due to the increased complexity of the algorithm presented in this 

section, the possibility of its full integration on robotôs controller is reduced for many brands 

because of their closed architecture and lack of interface [12]. Therefore, it was decided to explore 

benefits and performance of more complex collision detection algorithms by implementing them on 

a PC which has permanent connection to the robot. In order to preserve versatility and brand-

independent applicability, it was decided to use Ethernet TCP/IP connection, since it is a 

standardized and widely available communication connection type. 

The overall structure and behaviour of the collision detection system is designed to be 

simple in order to minimize reaction time and load on the robot side. Following descriptions aim to 

illustrate the principal workings of the algorithm on a basis of a typical measurement 

acquisition/collision detection cycle. 

The robot performs its intended repetitive task. The background parallel procedure on the 

robot sends measurements of values of interest for each joint to the algorithm operating on a PC. 

Each measurement sent by the robot contains only one sample of current/torque for each robot joint.  

The algorithm on the PC receives the measurement and uses it in accordance with one of the 

two scenarios. If the reference is being formed, then the algorithm records a certain number of 

measurements and uses them as the reference sequence. Otherwise, if the algorithm is actively 

detecting collisions, then the measurements from the robot are used to form a measurement vector. 

The measurement vector contains most recent and several preceding successive measurements. 

Procedure on the PC then matches the measurement vector to the corresponding section of the 

reference sequence. Using matched signals, collision detection rules decide whether the collision 

occurred on any of the robot joints.  

A signal indicating whether a collision was detected is sent from the PC back to the robot. 

The robot stops its movement if the collision was detected. Otherwise, the robot sends new 

measurement to the PC and entire cycle repeats. In case of failed communication, the robot will stop 

as a safety precaution. 
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Within the described structure of the collision detection algorithm, there are a few matters 

implemented on the PC which deserve additional description.  

The first aspect is related to the choice of reference signal. The background on which the 

algorithm relies on is the reality that majority of robot tasks are repetitive. With robot operation 

repeating in cycles, the intuitive choice of reference would be to exploit this fact. Signal values 

from more than one cycle of robot operation can be recorded for each joint and used as a reference 

signal. As mentioned earlier, if the reference signal is acquired during real operation of robot 

performing its tasks, it brings important benefits. Most importantly, it incorporates the nominal 

robot dynamics during the desired movement. In addition to that, external forces occurring during 

payload manipulation, assembly or processing are intrinsically included in the recorded signal. 

Finally, the signal includes potential influences of robot dynamics related to changes in robot 

behaviour over time. It is important that the reference signal contains more than one cycle of 

recorded repetitive robot movement. This ensures that the transition from one cycle of the repetitive 

movement to another is also included in the reference. Another important, although intuitive note is 

that no collision should occur during recording the reference signal. To detect collisions, reference 

signal is compared with measurement vector which is periodically updated from the robot. The 

measurement vector contains relevant signal values for each joint of the robot for several time 

instants. The vector is formed of adequate number of signal samples and updated with new 

measurements with first-in-first-out logic. Therefore, the measurement vector contains 

measurements from a fraction of the repetitive movement of the robot. 

As mentioned earlier, the reference sequence contains signal values more than one cycle of 

repetitive movement. In order to compare it with measurement vector, it is needed to find a section 

of reference signal which corresponds to the content of measurement vector. As described in 

previous sections, the sampling frequencies of reference signal and measurement vector do not 

necessarily need to be identical. To overcome this situation, a modification of Dynamic Time 

Warping Algorithm (mDTW) was developed. It allows online matching of reference sequence and 

measurement vector and enables application of collision detection rules. 

Collisions of robot are identified based on two detection rules. Matched signals are 

compared, and if either of the two detection rules is triggered, a signal is immediately sent to the 

robot to stop the movement. Thresholds for decision rules are set based on statistical analysis of the 

measurements without collisions.  

With regards to the collision reaction strategy, various options are available. Strategies 

include stopping the robot, performing reflex motion away from the direction of impact, going to 

zero-gravity compliant mode or attempting partial completion of the task using redundant joints 

while trying to avoid further contact [9], [44], [4], [19], [10], [12]. Although fully recognizing the 

benefit of refined collision reaction strategies, the focusof further elaboration is more on reliable 

detection and its applicability across various brands. As such, the algorithm proposed in this section 

employs stopping upon detected impact as the simplest reaction strategy which is also available on 

vast majority of robot brands and generations. 

Although the developed mDTW presented in this section offers numerous benefits, there are 

some limitations. A potential drawback of using mDTW is that it effectively limits the number of 

samples which can be used for the reference sequence and measurement vector. While there are no 

theoretical limitations of the proposed method related to the length of compared signals, there are 

practical issues related to reaction time. For a collision detection, the reaction time needs to be as 

short as possible. For mDTW, processing time depends directly on the number of samples in each 

of the compared signals. Nevertheless, there are effective ways of managing this issue. Reducing 

sampling frequency can reduce the number of samples in reference signal. If handled responsibly, 

this solution can reduce the computing time without loss of detection quality thanks to the nature of 

mDTW. Additional solutions include parallel processing for different axis of the robot, as well as 

changing hardware platform on which the algorithm is implemented. Although not affecting the 

computation time, switching to a faster communication protocol can speed up the overall reaction 

time.  
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It is important to emphasize that the presented algorithm can work with current 

measurements and torque measurements/estimates alike, making it highly versatile. The reason for 

opting to present results with torque estimates, rather than current measurements, is purely to make 

them easier to comprehend. Torques have a more physical manifestation, making them more 

understandable. Additionally, measurements of joint current provided by Denso are in absolute 

values, which means that graphs would not clearly illustrate the nature of the movement. 

 

3.2.2. Modified Dynamic Time Warping 

 

One of main contributions presented in this section is a modification of the Dynamic Time 

Warping (DTW) algorithm. Similar to DTW, the proposed modification enables non-linear time 

axis transformations to perform optimal matching of two signals. However, unlike DTW, the 

proposed modification also enables optimal matching of one sequence with most similar section of 

the other sequence, rather than comparing the two entire signals. The modification enables use of 

DTW principles in online applications such as collision detection. Although there are variants of the 

DTW which allow matching of certain sections of one signal to another signal [46], [47], no other 

existing modification allows combination of such traits at the same time. 

In early phases of algorithm development, various techniques were considered in order to 

solve the issue of variability and inconsistencies of measurement signal sampling. Methods such as 

EDIT [48] distances, was one of the first to be analysed, since it allowed for different lengths of 

compared signals and some time-domain distortion. Regardless of its potential, it was abandoned 

because of two main reasons. The most important drawback was that it allowed some values to be 

deleted and/or added, which meant that values indicating collision could be missed due to nature of 

the algorithm. This issue remained present to a similar extent also with similar techniques, such as 

Hirschberg's algorithm [49] and Approximate string matching [48]. The second reason for 

abandoning this approach was that it was intended for a finite set of values of compared signals, 

such as in string comparison. This would require significant changes to the algorithm or introduce 

value quantization related heuristics. Methods such as Partial Curve Mapping [50] and Discrete 

Fréchet Distance [50] were also analysed due to their versatility. Nevertheless, the key drawback of 

such methods was that they were intended for parametric curve comparison, rather than time series. 

Dynamic Time Warping (DTW) [51] is a well-known method used to match signals with 

different lengths and similar shape. It is widely considered as a reference for shape-based matching 

of the signals in time series [52]. Consequently, it can also be used as a good measure of similarity 

of two signals. It allows for contraction and/or dilatation of a signal in the time domain, and uses 

matrices to find sequences of best matching pairs of samples from two signals a and b. By 

definition, the matrix d based on which optimal pairs are determined is formed using rules (1)-(4): 

 
 Ὠρȟρ ȿὥρ ὦρȿȟὭ ρȟὮ ρ (1) 

 ὨρȟὮ ȿὥρ ὦὮȿ ὨρȟὮ ρȟὭ ρȟρ Ὦ ὲ (2) 

 ὨὭȟρ ȿὥὭ ὦρȿ ὨὭ ρȟρȟρ Ὥ άȟὮ ρ (3) 

 ὨὭȟὮ ȿὥὭ ὦὮȿ άὭὲὨὭ ρȟὮ ρȟὨὭȟὮ ρȟὨὭ ρȟὮ ȟρ Ὥ άȟρ Ὦ ὲ (4) 

In the aforementioned expressions, m and n stand for lengths of the first and the second 

signal. In essence, rule (4) implies that d(i,j) carries the information about the minimal possible 

accumulated absolute difference of all samples preceding and including i-th sample of signal a and 

j-th sample of signal b. To achieve a minimal absolute difference, any sample of signal a can be 

matched with multiple samples of signal b, as well as the opposite. This type of matching 

effectively causes apparent signal contraction or dilatation. Rules (1)-(3) are only special cases of 

rule (4), used to fill the starting field, first row and first column of matrix d. For the starting point, 



27 

 

there are no preceding samples, so there is no other way to compute the field value, but the absolute 

difference of first samples of both signals. For the first row, value of preceding element of the first 

row is added to absolute difference of the first sample of signal a and j-th sample of signal b. 

Analogue logic is applicable for rule (3) and forming values of the first column of matrix d. 

Effectively, rules (1)-(4) force the algorithm to start from the first element of the matrix d because it 

has the lowest possible value.  

Best matching pairs within the matrix d are found using rules described with (5)-(7), starting 

from the last sample of both sequences d(m,n). 
 

 άὭὲὨὭ ρȟὮ ρȟὨὭȟὮ ρȟὨὭ ρȟὮ ȟὭ ρȟὮ ρ (5) 

 ὨὭȟὮ ρȟὭ ρȟὮ ρ (6) 

 ὨὭ ρȟὮȟὭ ρȟὮ ρ (7) 

Rule (5) implies that the search for the optimally matched pairs starts from the element 

d(m,n), and looks for the minimal value among all neighbouring preceding elements. The search 

does not allow going back, preserving the order of samples and therefore the causality in matching. 

In case first row or first column is reached during the search, the search is directed towards the first 

element, belonging to beginning of both signals, according to rules (6) and (7). The matching is 

finished when the d(1,1) is reached. 

It is possible to notice that the search supposes that the beginning and the end of both signals 

are common. One more important property of DTW is that it does not allow skipping of any 

samples. The two aforementioned observations lead to the conclusion that the contents, or shapes, 

of the compared signals needs to be similar in order to successfully perform matching. In other 

words, it is not possible to take a subsequence of one signal and find the best matching section of 

the other signal.  

The fact that DTW can only be used to match sequences with same shape i.e., content means 

that it cannot be used for online collision detection, as it would only be able to detect collision after 

the entire sequence has been recorded. Solutions proposed and described in [53] offer increase in 

speed and a modified measure of dissimilarity of compared signals. However, they are still not 

suitable for application in collision detection, as they presume the same starting and ending point of 

compared signals. Some research has also gone into reducing calculation speed by implementation 

on different platforms and some early pruning [54], but this type of research is not a subject of this 

research. 

Some modifications of DTW were proposed to enable partial matching of signals. However, 

they require either beginning or the end of the signal to match [46], [47], or allow skipping some 

samples, such as in Minimal Variance Matching [55]. In collision detection application, skipping 

some samples is unacceptable, because the algorithm could potentially skip samples which indicate 

collision. On the other side, it is possible to implement an algorithm which requires only matching 

of beginnings of the two signals. In this case, the signal matching would be re-initiated with a 

trigger signal at the beginning of each new cycle of robotôs movement. However, as length of 

measurement increases over time, so does the matrix, and the time needed for matching, making the 

algorithm increasingly ineffective and unreliable over duration of one movement cycle. Another 

solution [46], [47], which allows a partial matching of signals to occur does so effectively, but 

allows both signals to be trimmed from either end, which is not acceptable in application in 

collision detection as those sections might contain important samples indicating collision. 

In addition to aforementioned issues related to implementation of DTW in collision 

detection, there are also some other aspects to consider. One of the biggest issues related to DTW is 

the computation time which depends on the lengths of matched signals. While it is not an issue in 

offline applications, processing time is very important for timely collision detection, and it needs to 

be considered. 
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The presented modification of DTW enables matching a subsequence of any signal with 

corresponding section of the entire sequence. In particular case, it enables matching of set of 

measurements from the robot with previously acquired reference sequence of current/torque. The 

impact is that this modification enables online implementation of DTW - mDTW, and thus implies 

that mDTW can be used in collision detection. Additional benefit originates from the fact that one 

of the signals can be significantly shorter than the other. This fact offers possibility for significant 

reduction in computing time, making it even more suitable for collision detection application. 

The proposed modification modifies the rules (1)-(4) for forming the matrix d with rules (8)-

(11). 

 
ὨρȟὮ ȿὥρ ὦὮȿ άὭὲȿὥς ὦὮ ρȿȟȿὥς ὦὮȿȟȿὥρ ὦὮ ρȿȟὭ ρȟὮ ὲ (8) 

 Ὠρȟὲ ȿὥρ ὦὲȿ ȿὥς ὦὲȿȟὭ ρȟὮ ὲ (9) 

 ὨὭȟρ ȿὥὭ ὦρȿ ὨὭ ρȟρȟρ Ὥ άȟὮ ρ (10) 

 ὨὭȟὮ ȿὥὭ ὦὮȿ άὭὲὨὭ ρȟὮ ρȟὨὭȟὮ ρȟὨὭ ρȟὮ ȟρ Ὥ άȟρ Ὦ ὲ (11) 

Rules (8)-(11) introduce difference in calculating matrix d. Rule (8) implies that all elements 

in the first row of matrix d are calculated based on absolute difference between the first sample of 

signal a and the j-th sample of signal b increased by a minimal absolute difference of any of the 

neighbouring succeeding samples. This ensures causality as well as that all elements in the first row 

have a chance to be the end point of the search. The search no longer has to end with d(1,1), but 

rather any element in the first row. This means that signal a, which is supposedly subsequence of 

signal b, can start at any sample of signal b. Rule (9) is a special case of rule (8) which ensures the 

consistency for the search algorithm. Rules (10) and (11) are the same as rules (3) and (4) 

respectively, and they ensure causality. 

The search for optimal pairs starts from the element with minimal value in last row of the 

matrix, min(d(m,j)), 1ÒjÒn. The search continues with finding the minimum of preceding values as 

described with (12)-(13), and stops immediately when the first row of the matrix is reached. 

 
 άὭὲὨὭ ρȟὮ ρȟὨὭȟὮ ρȟὨὭ ρȟὮ ȟὭ ρȟὮ ρ (12) 

 ὨὭ ρȟὮȟὭ ρȟὮ ρ (13) 

Since values increase monotonically with an increase of row and/or column number, the 

algorithm inherently ensures that the minimal value in the last row is the optimal starting point for 

the search. Modifications (8)-(11) ensure that each field in every row and/or column but the first 

row includes information about the minimal sum of deviations before it, making sure that optimal 

path to that particular point can be traced back to the first row. 

The proposed mDTW method enables effective application in collision detection. A set of m 

consecutive measurements (measurement vector) with first-in-first-out logic can be compared to a 

subsequence of the reference sequence with n values. In this thesis, a reference signal to which all 

other signals are compared is called the reference sequence. The reference sequence is compared 

with a signal called measurement vector, as in a real application, it represents a set of m consecutive 

measurements received from the robot. The reference sequence remains constant during the 

collision detection. Measurement vector is formed from m consecutive samples which are updated 

in each detection cycle. The movement of the robot is periodical, and as a consequence of that, so 

are the measurement vectors, which represent a section of repetitive movement. This ensures that 

signals do not change without bound over time in nominal operation of the robot. The only time the 

vector can deviate is when a collision occurs, which is not a regular occasion.  

 



29 

 

For simulation purposes, measurement vector is formed using a window of m samples 

moving across signal referred to as measurement sequence. Section of the reference sequence to 

which the measurement vector was matched is called reference subsequence. Graphs presented on 

Figure 13 show values of d matrix of mDTW, measurement vector matched with reference 

subsequence, highlighted section of reference sequence representing reference subsequence and 

section of the measurement sequence from which the measurement vector was formed. In a real 

application, from the implementation point of view, initial set of measurements can be formed as a 

vector of m identical values of the first obtained measurement and filled with new values as they are 

received from the robot. At the beginning, until m samples are received from the robot, any 

identical values will be compressed and matched with a single value from the reference sequence, 

and all following samples will be matched with their best matching values from the reference 

sequence, as it is illustrated on Figure 14. 

 

 

Figure 13 Signals matching performed by modified DTW (mDTW) [14]. (upper left) Values of matrix used for optimal 

matching. Optimally matched pairs of signals correspond to the lowest sections of the surface. (upper right) Two 

matched signals - blue signal corresponds to the section of the reference signal, while the red represents the 

measurement vector received from the robot. (lower left) The signal which shows from which section of a measurement 

sequence the measurement vector was taken. (lower right) The signal shows which section of the reference sequence 

was matched with the measurement vector. 

 

Figure 14 Two instants during formation of the 30 samples long measurement vector [14]. (upper left) Initially, all 

values in the measurement vector are the same and equal to the first measured value received from the robot, Therefore, 

they are matched with single value of the reference sequence. (upper right) Point of the reference sequence paired with 

the measurement vector. (lower left) Measurement vector shown in blue colour is partially updated with new values 

upon receiving them from the robot, while initial values are still present at the beginning of the vector. The new vector 

is matched with the most similar section of the reference signal, shown in red after each new measurement is received. 

Although measurement vector has 30 samples, the matching process has dilated it to 46 samples to perform optimal 

matching. (lower right) The section of the reference sequence to which the updated measurement vector was matched. 
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Similar to the solution described in [53], [52], the presented modification limits the signal 

lengths, and consequently the computational complexity, by using constant lengths of the reference 

sequence and of the measurement vector. However, the proposed modification allows for two key 

advantages which are important for collision detection application. The first advantage is the 

possibility to perform matching one signal to a most similar part of the other signal, which enables 

online application in collision detection. The second advantage is that, unlike [55], mDTW method 

does not allow skipping of samples, which prevents missing a collision. With all aforementioned 

said, it is important to note that the computation time mDTW still depends on the lengths of signals. 

However, this property, inherited from the original DTW, is much less prominent. Recently 

published work [52] also presents techniques which limit computational requirements, such as 

incremental computation and restrictions of search region. While incremental computation is a big 

step in reducing the computational complexity, it is not applicable in the specific application of 

collision detection without modifications, since it assumes that the beginning and the end of 

compared signals is the same. 

 

3.2.3. Decision Rules and Thresholds for Collision Detection 

 

In the proposed approach, decision-making rules which determine whether the collision has 

occurred or not, were derived from statistical analysis of the signal. As a result of the analysis of 

signals previously matched with mDTW, two complementary decision-making rules were designed.  

The first rule was derived from the most intuitive feature of signal matching after 

application of mDTW, and that is the absolute deviation of a sample from its pair. For each joint of 

the robot, statistical analysis was performed on a set of more than 500 cycles of repetitive motion in 

order to determine the maximum permissible deviations of signals without collision. The set limits 

also determine what will be the minimum detectable collision. The limits are set as the first integer 

value higher than the 3ů value calculated from samples which did not belong to a collision, 

similarly as implemented in [12]. After the absolute values of permissible deviations were set for 

each joint, the rule was applied as a first and the faster form of detection. During matching of 

sequences samples, the search for optimal pairs is started from the last row of the matrix, which 

means that the most recent measurement is matched first. If the minimal value of deviation for the 

most recent measurement sample is bigger than the set threshold for the corresponding joint, the 

collision is indicated, and the robot is stopped, with minimal reaction time. Two examples 

demonstrating the first rule being inactive and active are shown in Figure 15. 

 

Figure 15 Matched signals on 2nd axis of the robot [14]. (upper left) Section of the reference signal matched with the 

measurement vector without collisions as well as signal thresholds imposed by the first rule. (upper right) Subsequence 

of the reference signal to which the measurement from the upper left picture vector was paired and thresholds set by the 

first rule. (lower left) A measurement vector which was paired with the most similar subsequence of the reference 

signal. The sample belonging to the collision is over the upper threshold. (lower right) Subsequence of the reference 

signal which was most similar to the measurement vector. 
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The second decision rule complements the first one and increases the reliability of collision 

detection. It is best illustrated when relative dependency of matched pairs is observed, as depicted 

on Figure 16. Since matched pairs have similar values, their dependency on sig1-sig2 plane is 

approximately linear. The direction of the line fitted to paired samples approximately corresponds 

to the direction of main Eigen vector of the covariance matrix of all matched samples. The direction 

of the second Eigen vector corresponds to the dissipation of samples from the main Eigen vector 

direction. Consequently, intensity of the second vector, or the second Eigen value, can be used as a 

reliable measure of how well the samples have been matched. Samples which have not been 

matched properly, will contribute to the noticeable increase of the second Eigen value even if the 

absolute difference is not significant. By performing a statistical analysis of the signals without 

collision for each joint, it is possible to determine limits for this decision-making rule. Thresholds 

for this rule were derived from the statistical analysis and set to values 20% higher than the highest 

second Eigen value during operation without collision. Unlike the first rule, which is related to the 

absolute difference between last pair of matched samples, the second rule is related to the square 

value of the maximum difference between any pair of matched samples. This means that the second 

rule has a more restrictive threshold, meaning it is more sensitive to collisions. This rule also 

observes the entire sequence, so any potential collision has potential to be visible for at least the 

number of cycles equal to the length of the measurement vector, drastically reducing the possibility 

of missed collision.  

The two described rules observe different aspects of the matched signals and complement 

each other to drastically reduce the chance of a missed collision. The first rule focuses on only the 

most recent matched sample in order to react promptly before the complete matching is performed. 

It is therefore especially sensitive to higher intensity collisions. The duration of the collision does 

not affect the quality of detection for the first rule, since it only observes the last matched sample. 

The second rule is more sensitive to short impacts, and transients from nominal behaviour to 

collision. While each rule independently has its own benefits, the highest performance in collision 

detection is reached when they are used simultaneously. 

 

 

Figure 16 Illustration of the Eigen values rule [14]. (left) Approximately linear distribution of paired samples without 

collision on sig1-sig2 plane. Higher intensity Eigen vector approximately corresponds to the line fitted to the 

measurements. The lower intensity Eigen vector is a measure of dissipation of sample pairs along direction orthogonal 

to the higher intensity vector, and it is used to identify collisions in the second rule. (right) Sig1-sig2 plane with 

indicated collision marked with the red circle which is out of the threshold indicated with a red dashed line. The 

collision sample influenced the orientation of Eigen vectors and increased intensity of the lower intensity Eigen vector. 
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3.2.4. Experimental Results and Discussion 

 

The performance of the algorithm was tested in two main phases. The first phase of testing 

was performed offline, on a PC, with a large number of recorded measurements. The goal of offline 

testing was to validate mDTW, decision rules as well as communication and interfacing programs 

on the part of the collision detection algorithm implemented on the PC. The second phase of testing 

was done with a real robot with a running collision detection algorithm, and its goal was to 

experimentally validate the performance of the collision detection algorithm.  

Current-based torque estimations can be obtained in majority of robots directly, and the 

presented algorithm is analysed and tested based on the torque estimations. The results are validated 

for two different robot brands (Denso and ABB) using current-based torque estimation. Since 

torque estimates are obtained directly from the robot, as if they were real measurements, they will 

be referred to as torque estimations. For Denso robot, torque measurements range from -100% to 

100% of permissible torque in each joint, and all graphs based on measurements on this brand will 

be presented in these limits. Graphs from ABB robot are shown with real torque values, and all 

measurements and results related to this brand will be presented in absolute values.  

During implementation, two routines were designed for part of the algorithm implemented 

on the PC. The first routine is very simple, since its only task is to record the movement of the robot 

with high sampling frequency. The reason for this is to capture the shape of signal from the 

movement cycle with high level of details. The higher sampling frequency is a reason why the 

reference signal is also recorded using this routine. During recording of the reference signal, no 

collisions should be allowed.  

Set of sequences used in offline testing was recorded with the first routine to provide greater 

flexibility for testing. Additionally, sequences recorded this way enable better understanding the 

influence of different sampling times to interpretation of signal features and detection of collisions. 

Some sequences were recorded with and some without collisions, so that different aspects of 

algorithm performance can be evaluated. 

The second routine is used for online collision detection, and it is more complex. Due to its 

complexity, it requires a longer execution time. The robot samples its movement once per cycle of 

PC program execution, while executing collision detection routine. Therefore, the sampling 

frequency of the second routine will be lower than with the first routine, which is used for reference 

acquisition only.  

Sequences used in the online part of testing were recorded with the second routine, which is 

used for collision detection in the online loop. Therefore, they realistically illustrate the quality of 

online collision detection. Similar to the offline part of testing some of the used sequences were 

recorded with and some without collision, in order to verify the performance of the algorithm,  

The discussion part of this section summarises results from both offline and online testing. It 

also comments the benefits and drawbacks of the algorithm concept as well as of decision rules. 

 

Offline Testing 

The presented collision detection algorithm relies on optimal matching of a reference 

sequence with a recorded vector of measurements. Therefore, the first part of offline testing was 

performed on mDTW to check for any mismatching of samples. The target is to receive a vector of 

m measurements from the robot and match it optimally with the most similar subsequence of the 

previously recorded reference sequence of torque signal. To perform this type of test, reference and 

measurement sequences were both emulated ï selected from the previously recorded sequences.  

To form a measurement sequence, a sequence was chosen from the set of previously 

recorded sequences.  In order to emulate a measurement vector, a window of m samples was taken 

from the measurement sequence. This window was selected by moving for 1 sample along the 

measurement sequence in every cycle of matching, just as the measurement vector would be 

updated with one new measurement in each new cycle in realistic situation. Similarly, for reference 
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sequence, any sequence can be chosen from ʘ set of previously recorded sequences which do not 

contain any collisions. 

In order to verify the concept of the mDTW, at the beginning, the reference and 

measurement sequences were the same signal. For the same sequences, the zero matching error 

proved the concept without exceptions. In part of the experiment that followed, the same test was 

repeated by using a different measurement sequence. The result of the second part of mDTW testing 

proved the optimal matching regardless of whether the measurement sequence was taken from the 

set of measurements recorded with or without collision. Figure 17 depicts two examples of mDTW 

testing with different measurement sequences ï one with collision and one without collision.  

Another phase of mDTW testing was conducted to verify the performance of matching 

signals recorded with different sampling time. The measurement sequence was re-sampled with up 

to 3 times higher and lower frequency, as well as non-integer multiples of original frequencies. 

Results have shown that the matching of samples was performed optimally, regardless of the 

differences between sampling times. An example of testing with various sampling times is shown in 

Figure 18. The results have also shown that the matching error increased with the difference in 

sampling times. However, these results were in accordance with expectations, since significantly 

different sampling frequencies mean that one sample of one sequence needs to be paired with 

several samples of the other sequence, all of which have different values, contributing to the 

cumulative matching error.  

 

 

Figure 17 Testing of modified DTW, example on the 3rd axis [14]. (upper left) Measurement vector matched to the 

subsequence of the reference sequence. (upper middle) Matched subsequence of the reference sequence. (upper right) 

Portion of measurement sequence from which the measurement vector was formed. (lower left) Measurement vector 

taken from a sequence with collision and mached with most similar subsequence of the reference equence. (lower 

middle) Subsequence of reference sequence which was matched. (lower right) Portion of the measurement sequence 

used to form the measurement vector. 
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Figure 18 Influence of sampling frequency on the quality of matching on the 4th axis [14]. (upper row) Reference 

sequence sampled at 3 times lower frequency compared to measurement sequence. (middle row) Reference sequence 

sampled at the same frequency as measurement sequence. (lower row) Reference sequence sampled at 3 times higher 

frequency compared to measurement sequence. (left column) Matched samples of measurement vector and reference 

subsequence with different sampling time. (middle column) Subsequence of the reference sequence to which the 

measurement vector was matched. (right column) Same section of the measurement sequence was used to form the 

measurement vector in all three cases. 

The second part of offline testing was performed to validate the two collision detection 

rules. The results from offline testing of individual and combined use of collision detection rules are 

shown in Table 3. The first collision detection rule testing was to check the rule which considers 

absolute value of the difference between matched samples. As mentioned earlier, the purpose of this 

decision rule is to make prompt identifications of collisions. The measurement vector was obtained 

in a previously described manner, and the deviation of the last matched pair was observed. The set 

of measurement sequences used in this phase of testing was not the same set which was used for 

statistical analysis of the signal. Based on the previous statistical analysis, the limit for each axis of 

the robot was set to a value as described in the previous section. With limits set by the statistics, this 

decision rule has successfully detected all major collisions. One detection example using the first 

rule is shown in Figure 19, while the statistical analysis of the first detection rule can be seen in 

Table 3.  

 

 

Figure 19 Example of the first rule application on the 1st robot axis  [14]. (left) Sample of measurement vector has 

crossed the threshold, triggering the collision detection. (middle) Subsequence of the reference to which the 

measurement vector was matched. (right) Portion of the measurement sequence used to form the measurement vector. 

 



35 

 

Table 3 Statistical results from the offline testing. [14] 

 Collision not Detected Collision Detected 

Rule 1 Rule 2 Combined Rule 1 Rule 2 Combined  

Sequences without collision 99.73 % 98.92 % 98.66 % 0.27 % 1.07 % 1.34 % 

Sequences with collision 5.63 % 17.50 % 0 % 94.37 % 82.50 % 100 % 

 

The second collision detection decision rule relies on the distribution of mutual dependence 

of matched samples. By observing the value of second Eigen value, the overall measure of the 

matching success is considered. The sensitivity of this decision rule is higher, as a single value 

which clearly indicates a collision contributes to the rise of Eigen value significantly. Results have 

shown that this algorithm has classified collisions with lower corresponding tolerance to absolute 

differences than the first rule. More details related to the performance of the second rule are 

presented in Table 3.  However, the complexity of the processing behind this rule caused slightly 

longer times needed to identify the collision than the first rule. During several tests, it was shown 

that the same collision takes about 10%-30% more time than the first rule (e.g., the first rule took 

approximately 0.05 s for collision detection while, the second rule took 0.055 s to 0.65 s to identify 

the collision). Figure 20 demonstrates a particular situation in which the second decision rule 

managed to identify the collision one cycle before the first rule was activated due to higher 

sensitivity. Figure 21 shows that the collision would be detected also by the first rule, but one cycle 

after the second rule was activated. With regards to reaction times, this is very significant, and 

although such situations are not common, they are very important.  

 

 

Figure 20 Example of the second rule application on 4th robot axis in moment when the first rule was not yet 

triggered[12]. (upper left) Sample of measurement vector has not yet crossed the threshold of first rule. (upper right) 

Subsequence of the reference to which the measurement vector was matched. (lower left) Portion of the measurement 

sequence used to form the measurement vector. (lower right) Sample after which the second rule was triggered because 

it was bigger than the threshold, shown in red dashed line. 



36 

 

 

Figure 21 Example of the first rule being triggered for collision on the 4th robot axis one sample after collision was 

detected by second rule[12]. (upper left) Sample of measurement vector has crossed the threshold of the first rule after 

one sample more compared to the moment shown on Figure 20. (upper right) Subsequence of the reference to which the 

measurement vector was matched. (lower left) Portion of the measurement sequence used to form the measurement 

vector. (lower right) Samples after which the second rule was triggered because it was bigger than the threshold. 

Online Testing 

Online testing was conducted with 2 robots of different brands in order to verify the versatility 

and implementability of the algorithm. During the development phase of the algorithm, Denso VP-

6242 6-axis industrial robot was used, and all tests and statistical analysis were made using 

measurements from this particular model. However, every aspect of online testing was additionally 

performed on ABB IRB120 6-axis industrial robot. In each test, the robot was connected with the 

PC and communication was established over Ethernet. Robots used for experimental validation are 

shown in Figure 22. Videos of online testing are available on https://youtu.be/gEysqZhN7Y0 for 

Denso and on https://youtu.be/_SXtQOEJM_I  for ABB robot. 

  

Figure 22 Robots used in experimental validation[12]. (left) Denso VP-6242 robot used of offline and online testing. 

(right) ABB IRB120 robot which was used in online testing. 

 

 

 

https://youtu.be/gEysqZhN7Y0
https://youtu.be/_SXtQOEJM_I
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For each robot, a robot routine was designed to start automatically after switching the robot 

to automatic mode of program execution and to run in background of the main robot program. The 

task of this routine is to send a string containing values of torques from each axis and receive a 

value of 0 or 1 from the PC. The values indicate whether the robot is running normally, or the 

collision is detected. If the collision is detected, the movement of the robot is stopped, and it 

remains in this state until the return value changes to 0. As a safety measure, if the connection to the 

PC is lost, or if the return value is not received from the robot, the routine will stop the robot 

immediately. All the movements as well as all other programs and functions of the robot are 

programmed in an unmodified manner. 

The main goal of the online testing was to check the performance of the algorithm in real 

exploitation. In particular, three aspects were observed as the most important ï absence of missed 

collisions detection, collision detection time and absence of false detections.  

Firstly, it was important to check whether a real collision will be detected, since it is the 

main purpose of the algorithm. The robot was impacted with various forces, from different 

directions, and with different impact durations. Results from online tests are shown in Table 2. 

Figure 23 shows one example of a collision detected on the 4th axis of Denso robot using the first 

rule. Collision detection example on the 1st axis of Denso robot, in which only the second detection 

rule was activated one cycle before the first rule detected it, is shown on Figure 24. 

 

 

Figure 23 Results from online collision detection on the 4th axis of Denso robot. (left) collision detected using 

application of the first rule. (middle) Subsection of the reference sequence to which the measurement vector was 

matched. (right) Section of measurement sequence used as measurement vector. 

 

 

Figure 24 Results from online collision detection on Denso VP-6242 robot, in which the second rule detected the 

collision on 1st axis one sample before the first rule detected it[12]. (upper left) Collision is not yet detected using first 

rule. (upper right) Subsequence of the reference sequence to which the measurement vector was matched. (lower left) 

Section of measurement sequence used as measurement vector. (lower right) Sample after which the second rule 

detected the collision. 
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Experimental results from online testing on ABB robot are shown in figures below. Figure 

25 shows detection of a collision on the 1st axis of ABB robot, while Figure 26 shows detection of 

the 3rd axis of the same robot. 

 

 

Figure 25 Results from online collision detection on ABB IRB120 robot, example from the 1st axis[12]. (left) Collision 

detected using application of the first rule and matched signals. (middle) Subsequence of the reference sequence to 

which the measurement vector was matched. (right) Section of measurement sequence used as a measurement vector. 

 

 

Figure 26 Results from online collision detection on ABB IRB120 robot, example on the 3rd axis [14]. (left) Collision 

detected using application of the first rule on the 3rd axis of the robot. (middle) Subsequence of the reference sequence 

to which the measurement vector was matched. (right) Section of measurement sequence used as measurement vector. 

The second most important aspect is the time needed for reaction to the collision, which was 

tested together with the previous phase of testing. Although analytical dependence cannot be 

derived, and reaction time depends on the hardware (robot controller and the PC), conclusions from 

the extensive experimentation are listed. For a constant length of the reference sequence, the 

reaction time depends on the length of the measurement vector and joint on which the collision was 

detected. Reaction time increases with the length of the measurement vector, and with the number 

of joints. For example, it means that collision will be detected faster if it influenced the second axis 

than the fifth axis. The reason for the difference related to the affected joint, is that joints are tested 

in sequence one after the other, and not in parallel. Despite all variations, during online testing, the 

slowest reaction time was less than 0.1 s, while the fastest was 0.028 s. It is important to note that 

reaction time also includes the communication time between the robot and the PC.  

The third most important aspect is the absence of false identifications, and the results from 

testing are shown in Table 4. 

 
Table 4 Statistical results from the online testing [38] 

 Collision not Detected Collision Detected 

Rule 1 Rule 2 Combined Rule 1 Rule 2 Combined 

Sequences without collision 99.47 % 97.92 % 97.39 % 0.53 % 2.08 % 2.61 % 

Sequences with collision 18.86 % 7.55 % 0 % 81.14 % 92.45 % 100 % 
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Discussion 

During the testing phase, all key indicators related to the performance of both mDTW and 

decision rules were tested. Algorithm implementation aspects were also tested in terms of reliability 

and reaction time. 

The results from both offline and online testing have demonstrated that the proposed mDTW 

performs well in both offline and in the online application. The mDTW is resilient to different 

sampling times and non-linear time domain deviations. Therefore, it is suitable for online 

application in collision detection. However, its biggest advantage may simultaneously be its biggest 

reason for concern. Testing on a large sample, shown in Table 3 and Table 4, has shown a 

significant number of missed collisions, when observed independently for each of the decision 

rules. This fact has demonstrated that mDTW sometimes matches samples so well, that the sample 

originating from a collision can be mistaken for a nominal operation sample. To prevent this 

undesirable behaviour, the two implemented decision rules complement each other. Testing on a 

large sample has shown that zero collisions were classified as nominal behaviour by both decision 

rules at the same time. This ensures that missed collisions are highly unlikely when the two decision 

rules are used in parallel.  

When results from confusion matrices shown in Table 3 and Table 4 are observed, it is 

noticeable that there is significant room for improvement. This particularly relates to the refinement 

of decision rules in terms of their reliability in identifying real collisions. One aspect which has the 

highest potential to significantly improve performance of existing rules is related to setting 

thresholds. New rules for setting thresholds should rely not exclusively on the statistical analysis of 

the signal and but allow for some smart adaptability. One of the ways in which this can be 

implemented is the moving average and moving variance analysis performed on the sliding window 

with length determined in accordance with the length of the measurement vector. This 

implementation would allow higher sensitivity in regions where the dynamics and variance of 

signals is lower and reduce the chance of false collision in regions with higher activity. For certain 

applications, shifts in variance calculated in this way could potentially be used also as one of 

thresholds for detecting collisions. There are also possibilities for designing completely new rules 

and approaches or extending and improving existing ones. In all cases, complexity of the algorithm 

should be carefully analysed with respect to processing, and consequently, reaction times.  

Collision reaction times depend on algorithm complexity on robot and PC side, the time 

needed for communication, and time needed for the robot to react to a detected collision. Part of the 

algorithm implemented on the robot has a simple logic which is possible to implement on various 

robots. The robot only needs to send a sample of measurements from each of its joints and receive a 

signal indicating whether a collision has occurred. The communication is performed using Ethernet 

TCP/IP, and there are limits to the time needed for this type of communication. Other 

communication protocols can be used to further the collision reaction times.  

However, the main concern related to collision reaction time is in the design of DTW and, 

consequently, also mDTW. With increases in length of the reference signal and/or measurement 

vector, the time needed to perform matching of signals also increases. The reason for the increase of 

computing time is directly related to increases in dimensions of the matrix which needs to be 

formed and searched to perform signal matching. The maximum length of the reference signal 

depends on various implementation aspects, including sampling times and a hardware platform.  
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3.3. Detection of intentional interactions 
 

3.3.1. Principal idea 

 

One important aspect of the proposed algorithm with mDTW that has not been addressed in 

the previous sections is its potential for implementation of intentional interaction detection. Namely, 

the logic behind the presented algorithm relying on mDTW is completely applicable in the field of 

detecting intentional interactions. It was mentioned on several occasions that one of arguably the 

biggest advantages of the non-model-based approaches is the inherent inclusion of the intentional 

interactions in the algorithm itself. In the presented approaches, the influence of intentional 

interactions was included in form of their influence on joint currents or torques. It was also 

mentioned that model-based algorithms typically tend to solve the issue of external interaction 

forces through integration of a force/torque sensors, although it is not always optimal or adequate.  

With the aim of addressing these issues of model-based algorithms, the force-torque sensor 

in the repetitive applications can effectively be replaced by implementation of the mDTW-based 

algorithm. From the implementation point of view, there are no theoretical or practical limitations 

for the presented algorithm to be used in a hybrid mode with a model-based collision detection 

algorithm, and such possibility will be discussed in this section.  

Since collision detection aspect is one of, if not the most important of interaction detection 

algorithms, different profiles of intentional interaction-induced deviations from nominal values will 

be compared with deviations caused by collisions in order to discuss the potential and limitations of 

the proposed hybrid approach. 

There are several possible implementation architectures for the hybrid interaction detection 

algorithm. The principal idea of the algorithm discussed in this section is that the model-based 

algorithm is in charge of estimating the expected values of the observed joint measurement, which 

can be either current or torque. The difference between the estimated and measured values, called 

deviation vector, would serve as the input to the non-model-based part of the algorithm. In the 

proposed way, all intentional and desired non-modelled behaviour and dynamics of the system 

would be possible to record using the non-model-based algorithm which would be able to use it as a 

reference deviation sequence.  

Given that the discussed field of application is still related to the tasks which repeat in cycles 

in identical way, the deviations from the reference values caused by intentional interactions would 

repeat as well. Consequently, the logic of the mDTW collision detection algorithm presented in the 

section 3.2 would be applicable also in the field of detecting the intentional interactions.  

During normal operation, the part of the algorithm based on mDTW would match the 

deviation vector of measurement with the reference deviation sequence. The occasion in which 

samples from the deviation vector cannot be successfully matched with the reference deviation 

sequence would indicate an unintended interaction or collision and should trigger appropriate 

response from the algorithm and the entire system. 

The following sections are based on [56] and aim to examine the possibility for development 

of the hybrid approach from the measurement point of view and discuss the implications they may 

have on the applicability of the solution. 
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3.3.2. Experiment description 

 

This section intends to examine the effect of load and external forces on the torques of the 

robot with experiments performed for different types of manipulation and assembly tasks. The 

unmodelled influence originating from these tasks is compared with the effect of collisions on the 

internal robot torques. To this end, for each task-related experiment, three cycles of measurements 

were performed. 

First, a torque profile was recorded from a robot executing movement needed to perform the 

manipulation or assembly task, but without the load or object of assembly itself, so that all recorded 

torques correspond to signals that would be generated by the optimal robot model which includes 

only the dynamics of the robot itself. 

The second cycle of measurements was recorded from the robot performing the 

manipulation or assembly task with the load or object which needs to be assembled, therefore also 

including the external forces related to the load or assembling process.  

The third measurement cycle is similar to the first cycle since it was performed on a robot 

performing its task without the load or assembly object. However, during third measurement cycle, 

the robot was impacted with different intensities and durations.  

With measurements from three cycles, it is possible to better understand the influence of 

external forces on torques of the robot, and their difference from real impacts. Differences between 

the second and the first cycle of measurements represent the nature of the deviations the mDTW-

based algorithm would receive. Based on the analysis of these deviations, it is possible to 

understand how applicable they are in the scope of the hybrid approach due to their repeatability 

and range of values. The difference between the third and the first cycle of measurements is useful 

for comparison with the deviations from intentional interactions. Their comparative analysis is 

useful for understanding how applicable and reliable a hybrid approach to interaction detection can 

be. 

Experiments were conducted on Denso VP-6242 6-axis industrial robot with 2 kg of 

payload. The weight of the object which was manipulated is 1.5 kg, which is 75% of the specified 

maximum load of the robot. For assembly tasks, the forces needed for the assembly process varied 

from piece to piece. As mentioned earlier, since VP-6242 does not possess torque sensors, values 

shown on graphs represent torque values estimated based on current measurements. Measurements 

range from -100% to 100% of maximum permissible torque for each joint.  

 

3.3.3. Manipulation task analysis 

 

This section analyses the influence of load-related forces that occur during load 

manipulation tasks. Related, but different tasks were analysed in order to identify possible issues 

related to unmodelled load.  

A movement shown on Figure 27was designed so that it combines pick and place / 

palletizing and machine tending tasks into one sequence. The robot picks up the load from one of 

four positions on the pallet, brings it close to the assumed loading position, changes the orientation 

of the load, and loads it into the machine.  

The pick and place / palletizing aspects of the task need to be observed together because of 

their similarity. The pick and place part is the most interesting from the perspective of the analysis 

of the repeatability of influence which load picking and releasing has on the torques of the robot 

when the picking or placing position is the same. The palletizing, or rather de-palletizing aspect of 

the robot task is interesting to analyse because of different distances requiring different joint 

configurations.  

The first and second pair of picking positions are symmetrical to the robot base which 

enables examining the effect of load picking to the 2nd and the 3rd axis of the robot since they 

contribute the most to the vertical movement. For each pair, from the perspective of those two axes, 

the movement is the same as if the picking was performed from the same point. However, the 
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distance of second pair of picking points from the robot base is bigger, and it requires different joint 

configuration. Since the placing point is the same, the effect the load releasing is expected to be the 

same.  

Results shown on Figure 27 confirm that the influence of unmodelled load is very similar 

for first two picking points. Shape of deviation from the torque measurement without load is 

repetitive, as well as the intensities of torque differences. Repeated tests from multiple 

measurements confirm that the load influence on the 2nd axis is predictable and repeatable. Similar 

conclusion can be made for the second pair of picking points. The repeatability of the deviations 

from intentional interaction implicates that there is a high potential for application of mDTW-based 

algorithm for the detection of intentional interactions. However, due to increased distance of the 

second pair of picking points, the difference in torque caused by the load is slightly higher than for 

the first pair of picking points as on Figure 27(middle right). The difference in values caused by the 

different distance from the robotôs base can be significant enough to trigger a false collision 

detection, since the mDTW in the presented form is intended only for identical movements. 

Releasing of the load caused changes which were also repetitive in intensity and shape resembling a 

step pulse. 

  

  

  

Figure 27 Torque measurements during combined manipulation task [2]. (upper left) Torque measurements with and 

without load and with collisions. The four segments when the load was picked from different positions are clearly 

visible as deviations from measurements without load. (upper right) Deviations originating from load and collisions 

show difference in nature. (middle left) The shown segments of measurements from five consecutive manipulation tasks 

correspond to periods from when the load was picked from first picking point to the point it was released are repeatable 

in shape and value. (middle right) Average torque measurements from points closer to the robot base show lower values 

in sections related to the picking, compared to average torque measurements from those more distant from the base. 

From the moment the load is close to the loading position, the averaged sections match in values.  (lower left) Torque 

measurements with load are clearly distinguishable from measurements without load from the moment the 4th axis starts 

to move to change loading orientation. (lower right) Shape deviations of torque originating from the load are repetitive 

and distinguishable from collision induced deviations. 
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The machine tending aspect of the robot task is intended to use for analysis of the change of 

flange orientation to the torque measurements. Unlike the pick and place and palletizing 

experiments, flange is not oriented vertically downwards in this experiment. Orientation of the 

flange is influenced by motors in last three axes, which generally have lower power, so the load 

influence will be more noticeable on them.  

Results from Figure 27 (lower left) and Figure 27 (lower right) show that the influence on 

the 4th axis of the robot is significant, but only from the moment when the orientation of the flange 

starts to change. With exception to some occurring peaks, the shape of deviation is related to the 

change of the 4th axis angle, with highest values being achieved at moments when the loading 

orientation is reached, and slowly decreasing during the final approach to the loading position due 

to movement of the 5th axis. The conclusions made during the analysis of the 2nd axis are also valid 

here. Nevertheless, this example also indicates the influence of the change of the joint spatial 

configuration has on the profile of deviation signal.  

In all parts of the manipulation experiment, the influence of load was predictable and 

repeatable in shape, making it distinguishable from the impacts in most cases when entire signal is 

observed as it is visible on Figure 27 (upper right) and Figure 27 (lower right). However, the 

difference between intensities of deviations caused by the load and by collision is not very big, and 

occasional peaks make them more difficult to tell apart, especially if the distinction needs to be 

made in matter of samples. 

 

3.3.4. Assembly task analysis 

 

Assembly tasks often require the robot to exert some force in order to join two parts. The 

following examples analyse the influence of interaction forces during three different assembly 

types.  

Snap fit. Snap fit is a very common type of assembly process performed by robots. 

Variations of this process can be found in different fields of industry, depending on the assembly 

requirements. The experiment was conducted on pieces with annular snap fit, but derived 

conclusions are applicable on any type of snap assembly. 

The results from the testing are shown on Figure 28. The two peaks on the image originate 

from two levels of latches and corresponding grooves. It is also noticeable that the second peak has 

higher value, since the force needed to deform both levels of latches is higher than the force needed 

to deform only the first level of latches. When the difference between signals recorded with and 

without assembly object is compared, it is possible to notice that it resembles a peak belonging to an 

impact. Repeated tests have shown that while the general shape of the torque is constant, slight 

variations in the position of the assembly object affect the intensity of peaks. The profile of 

deviations makes them unsuitable for the mDTW-based detection algorithm because the intensity 

and shape make them difficult to distinguish, especially in short time. However, repetitiveness of 

the tasks for which the proposed hybrid approach is intended enables additional information related 

to periods in which the intentional interaction is expected. Therefore, a possible solution might be to 

interpret all deviations outside this time period as unintentional contacts, i.e., collisions. 
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Figure 28 Measurements from snap fit assembly [2]: (left) Torque measurements of robot operation with and without 

object of assembly as well as with collisions. The double peak originated from two levels of latches and grooves of the 

object of assembly. (upper right) Five consecutive measurements of assembly task show similar shape, but also 

differences in intensities in some areas which are result of slight variations of position of the assembly object. (lower 

right) The shape of the deviation originating from the assembly is similar both in shape and in intensity to the shape of 

deviations originating from collisions and requires special attention. 

Spring latch. This type of joining parts is present in applications where it is required to 

have a good contact, but also allow for easy disassembly. In order to connect the pieces, it is first 

needed to force the inserted part against a spring, and then move it to a position in which the 

compressed spring will hold it in place. Assembly and disassembly were performed in a single 

movement with a two second break between them. 

Results on Figure 29 have shown significant influences on torque, most notably on the 5th 

axis of the robot. Measurements signals with and without actual assembly piece show great 

difference, both in assembly and disassembly movement. Although shapes of deviation are roughly 

symmetrical, tests have shown some differences in intensities of torques exerted on the robot during 

assembly and disassembly. While collisions with similar shape as parts of assembly induced 

deviations have been recorded during testing, the overall shape makes them distinguishable from 

collisions. In particular experiment, the spring induced high torque differences which greatly 

surpass those of impacts. However, in general case, intensities of assembly and collision induced 

deviations may happen to be very similar, making them more difficult to tell apart, implying that 

reliability of mDTW algorithm application would need to be analysed on a specific case-based 

analysis. Similar to the conclusion for the snap-fit assembly, addition of the period in which the 

intentional interaction is expected would increase the reliability and applicability of the proposed 

approach. 
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Figure 29 Spring latch task results: [2] (upper left) Torques during assembly and disassembly movement. The 

deviations originating from the assembly task greatly surpass those induced by collision. (upper right) Torque 

measurements from 5 consecutive recordings show great similarity and repeatability. (lower left) Deviations induced by 

assembly task and collisions. Assembly originating deviations show elements of symmetry, but with slightly different 

intensities. Some collision deviations match sections of the deviations originating from assembly. (lower right) 

Assembly torque deviation and mirrored disassembly deviation show elements of symmetry. 

Screwing. Although commonly performed by screwing devices mounted on a robot as a 

dedicated tool, many robots with unlimited rotation on the 6th axis are used in applications where a 

part itself is screwed onto another part of the assembly, rather than two parts being fastened by a 

screw. This is especially the case when a part needs to be rotated less than entire circle in order to 

screw it in place. In this experiment, both screwing and unscrewing operations were performed and 

analysed. 

According to expectations, experimental results have shown that the biggest torque 

difference is on the 6th axis of the robot. The shape of deviation shown on Figure 30 resembles a 

ramp signal profile, which corresponds to the nature of the process. In the particular case, the 

difference can be distinguished from the real collisions due to its duration and intensity, as well as 

its shape. However, it is possible to imagine that some screwing assemblies might require a higher 

force. More importantly, collisions need to be identified as soon as possible, which means that 

decision cannot wait for several samples to make the distinction. The unscrewing action resulted in 

decrease in intensity of the torque originating from the unscrewing, as it can be seen on Figure 30 

(right). However, the shape of deviation from the measurement without the assembly object has 

maintained the same shape and nature as with the screwing process. Results from the analysis of 

this type of assembly task imply that it would be possible to effectively implement the proposed 

hybrid detection approach, since the mDTW algorithm would be able to distinguish between the 

intentional and unintentional interactions, as long as there is an adequate difference in intensities. 

 

  
Figure 30 Screwing assembly task [2]: (left) Torque measurements from screwing and unscrewing action resemble 

ramp signals due to changing forces that act upon the 6th axis. (right) Deviations of torques originating from the task 

execution and collisions. Though sometimes similar in intensity, the shape of deviations is clearly distinguishable in 

terms of shape. 
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3.3.5. Discussion of results 

 

The aim of this analysis was to examine the influence of unmodelled intentional external 

forces on the quality of collision detection and their potential incorporation into a hybrid detection 

approach with possibility to interpret intentional interactions. To that end, two types of applications 

which regularly incorporate forces of different profiles and nature were chosen as typical examples.  

Experiment with manipulation tasks was performed in a single experiment combining pick 

and place/palletizing and machine tending tasks. Experiments have shown that the influence of the 

unmodelled load-related forces has varying effect on the torque measurements depending mainly on 

the position and orientation of robot flange and consequently the joints affected. This observation is 

irrelevant for the application in strictly repetitive tasks, but it is one of the most important aspects 

which will be addressed in the 4th Chapter in which the identification while performing similar 

movements is considered. It was shown that the disturbances in measurements with and without 

load can easily be mistaken with collisions with regards to their intensity. However, with exception 

to variations in intensity, it was shown that the shape of disturbances is repetitive, and that it does 

not depend on the configuration of robot segments. The aforementioned is important because it 

means that a disturbance of certain shape can potentially be excluded from being identified as 

collisions. In [12] it was shown that intentional contact can be identified through use of low and 

high pass filters with corresponding rules, which implies that influence of load-related disturbances 

can potentially also be classified as intentional using similar principles with some modifications. 

The main risk lays in the fact that collisions and unintentional disturbances need to be identified as 

soon as possible, making it harder to enable processing time needed for avoiding misinterpretation 

of intentional contacts. However, the processing and interpretation delay are much lower with the 

approach in which mDTW is used to match deviation vector to the profile of the reference deviation 

sequence. 

Three types of assembly examples were used for experiments. Snap fit assembly example 

has shown that profile of torque disturbances it generates has a high potential to be classified as a 

collision. In particular test case, both the intensity and duration of the peaks in torque originating 

from connecting two parts closely resemble those of a real collision. Furthermore, it was shown that 

slight deviations of position of the assembly parts cause variations in intensity of force required to 

join them. A potential solution to the problem of false identification can be in having higher 

tolerances for collision detection in a limited time interval within the assembly cycle. 

Unfortunately, such tolerance modification or introduction of the time interval for intentional 

contact could lead to higher risks of faulty implementation, and potential missed detection of real 

collision, so this issue deserves special attention. 

Forces originating from spring latch assembly example have a high potential to be 

misclassified, primarily due to their intensity. While shapes of disturbances induced by this 

assembly type have repeatable profile in particular test, in general case it may depend on 

positioning accuracy of the assembly parts and repeatability of the spring stiffness. As a general 

conclusion on this example, the repeatability of the assembly process is the main factor influencing 

whether forces in this type of assembly can reliably be interpreted as intentional, without risking 

missing real collisions. 

Assembly by screwing experiment has shown that the deviations from the measurements 

from the robot without actual load are repetitive both in shape and in intensity. Although the 

intensity of the torque deviation was not very significant in the performed experiment, in general 

case the torques needed to apply can easily rise to much higher levels and be misclassified as 

collisions. Nevertheless, with adequate positioning accuracy of the assembly parts, a solution can be 

found to interpret forces during this type of assembly as intentional, in the proposed hybrid 

approach architecture, or even as in [12]. 

As a general conclusion with regards to effect that unmodelled dynamics has on collision 

detection, the experimental results have shown that influence of unmodelled intentional forces 

should not be neglected. Failing to do so may lead to false collision detections, while simple 
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increase in detection thresholds may even lead to human injuries. It was shown that some types of 

forces are predictable and repeatable in shape, making them easier to model and/or include into 

collision detection algorithm in some other manner. Unfortunately, there are forces which are very 

difficult to distinguish from the collision because of their shape and/or intensity.  

Prompt and timely collision detection poses an additional challenge even for forces which 

have been shown to be distinguishable from collisions as their correct classification may require 

additional time for processing.  

In a broader sense, varying and unmodelled external force influences have been examined 

and dealt with in context of impedance control [57] [58], which can be one of directions to elaborate 

on this topic in future. 

Nevertheless, the analysis of deviation has shown that algorithms based on mDTW have 

significant potential also for detection of intentional interactions when they are used to observe 

deviations from the expected joint measurement values. To this end, their hybrid implementation 

with model-based algorithms would make them a viable and potentially preferable alternative to 

implementation of force/torque sensors. The biggest advantage over integration of force/torque 

sensors at the tool flange is that they can detect collisions on all joints from the base of the robot to 

the robotôs flange, and not only interactions that the tool has with the surroundings. 

3.4. Chapter discussion 
 

The intention of the presented approaches was to offer a collision detection algorithm as a 

contribution towards safer workspace sharing and future collaboration between humans and 

industrial robots without external sensors or open control architecture. Compared to most existing 

methods, the previously presented collision detection algorithms are not based on a robot model. 

Instead, they relay on the fact that vast majority of robot tasks are repetitive and uses measurements 

from one cycle of task execution as reference values for all succeeding operation cycles. While this 

concept offers lower flexibility compared to model-based approaches, it benefits from reduced 

complexity and inherent inclusion of various aspects of the robot motion which are difficult to 

model. These may include unknown weight and dynamic properties of part in manipulation tasks, 

intentional contact forces during assembly, variable weight in dispensing applications, and many 

other aspects which are either complex or time consuming to model.  

The first realization of the algorithm for collision detection was intended for the integration 

on the robot controller itself, as an attempt at reducing reaction time by avoiding time needed to 

exchange data with another device. To overcome issues related to the uneven sampling, two 

decision rules were set in place to cover regions with different signal dynamics. However, the way 

in which the detection thresholds are determined is suboptimal, as it requires understanding the 

reasoning behind the detection rules and some knowledge of signal analysis. The threshold setting 

can be translated into an automatic procedure, but it would require larger recorded sequence sample, 

which would affect the algorithmôs applicability on older versions of robots. For better reliability, 

the algorithm was designed with inherent safety precautions. It works in background of all tasks 

created by user and starts automatically by switching to mode for automatic task execution. It can 

be protected from unauthorized access, and it stops the movement of the robot if the collision is 

detected, regardless of the other programs. In order to run properly, i.e., to minimize number of 

false collision identifications, it requires a triggering signal from the main robot program. However, 

if this signal is omitted, the algorithm will not allow any motion of the robot, preventing injury or 

damage. 

Although it performed quite well, the algorithm implemented on the robot controller served 

best as an introduction to the collision detection topic, and a solid base for designing a version 

intended to be implemented on PC. 

 



48 

 

The attention to designing an efficient and performant collision detection algorithm was 

shifted to implementation on a PC permanently connected to the robot controller using standard 

communication protocols. The reason for this was the increased complexity, which meant it could 

no longer be fully implemented on controllers of robots with closed control architecture. However, 

permanent connection to a PC or similar processing unit should not be an issue, having in mind 

increased reliability and sensitivity. 

As a corner stone for reliable collision detection, this approach presented a modification of 

Dynamic Time Warping method (mDTW) which was used in order to overcome sampling 

uncertainties imposed by the robot controller design. Compared to traditional DTW [51], it offers 

two advantages of key importance for Collision detection application. Most importantly, unlike [51] 

[53] [52], it allows matching signals with different content. That means that one signal can be 

compared to a part of another signal with similar content or shape. This modification also allows the 

online application of DTW, making it useable for the presented collision detection concept. At the 

same time, the mDTW preserved the ability of DTW to optimally match signals by compressing or 

dilating the time axis. Unlike some other proposed modifications of DTW [55], the mDTW does not 

allow skipping samples. This ensured that the samples indicating a collision, or some other anomaly 

cannot be neglected. The reduced length of compared signals enables shorter processing time, 

without early pruning or other techniques proposed for speeding up DTW [54]. Unlike EDIT 

distance [48], Hirschberg's algorithm [49] and Approximate string matching [48], the proposed 

method is applicable in applications with infinite number of signal values, and it does not allow 

skipping samples. Compared to other signal matching techniques, such as Partial Curve Mapping 

[50]and Discrete Fréchet Distance [50], the mDTW is intended for application with time series. 

Additional contributions are the two complementary decision rules. They rely on mDTW 

matching ability to detect deviations from reference signal in terms of absolute difference and Eigen 

values. While the idea to observe absolute differences between samples is not new, mDTW 

matching allowed lowering detection thresholds. This increased the sensitivity of the algorithm and 

allowed detection of lower intensity collisions. The rule based on Eigen values observed the  

distribution of matched sample pairs, offering a new perspective and additional safety measure. 

The proposed algorithm was intended for realistic application on various brands and 

generations of industrial robots with closed control architecture. Therefore, signals which are most 

commonly available from all robots, such as current and torque estimate, were used for the purpose 

of detection. Throughout the Chapter, various aspects of the algorithm were considered and 

designed with implementation in mind. The procedures for collision detection were designed to be 

the least intrusive to the normal programming of the robot and to provide maximum safety. All 

procedures, both on robot and on PC are fully automatic, and they require very low setup time. The 

only intervention required from the user at setup, and/or after changing of the robot main movement 

task, is to set correct IP address of the robot, and to initiate the procedure on PC. 

In accordance with its intended purpose, the algorithm was also experimentally validated on 

Denso VP 6242 and ABB IRB 120 6-axis industrial robots, and results were discussed from 

reliability and implementability point of view. Conclusive results show that collisions are efficiently 

detected even in the early stages of the algorithm development, and that safety within the shared 

workspace is significantly improved. 

Nonetheless, improvements on the algorithm itself can be made in reduction of reaction time 

by improving existing or using more efficient calculation strategies for signal matching and focus 

on improving the sensitivity of the algorithm even further. Examining the possibilities of 

incremental computing, such as the one presented in [52], and its adaptation to the specifics of the 

mDTW has a potential for great improvements in computational requirements and reaction speed. 

One important field for improvement includes improving the flexibility of the algorithm and its 

capability to adapt to a family of similar movements without having to re-set reference values. To 

this end, solutions will be considered in the next Chapter. 

The consideration related to the implementation of the mDTW-based collision detection in 

the field of detection of intentional interactions has shown its potential for application in that field 
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as well. Such implementation does require observation of the deviation from expected values, 

which led to the conclusion that a hybrid approach, in which deviations would be generated based 

on the experimented values of the model-based algorithm. Suggested approach would solve many 

of the problems related to model-based algorithms and contact tasks or unmodelled dynamics. 

Additionally, it would extend the field of application of mDTW as a non-model-based algorithm. 

The analysis of the representative contact tasks has shown that there are applications in 

which such hybrid approach can be very successful, due to the differences of collision induced 

deviations and those originating from the intentional interactions. More importantly, it has pointed 

out tasks in which such distinctions cannot be made reliably, especially given the requirements for 

short reaction times.  

The downside of use of the mDTW-based intentional interactions detection are related to the 

fact that it is limited to the identical repetition of the task, which narrows the field of application for 

such approach. The possibilities for extending the application field of the mDTW-based algorithms 

to movements which require different spatial relation of robot joints than those during the 

representative referent movement are examined in the next Chapter. 
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44..  DDEETTEECCTTII OONN  WWHHII LL EE  PPEERRFFOORRMM II NNGG  SSII MM II LL AARR  TTAASSKK SS  
 

This Chapter aims to present strategies and solutions related to identification of interactions 

while performing tasks which do not repeat in identical cycles but perform the same type of task 

[59]. Compared to the movement or operation made during recording the reference sequence, these 

tasks include movements and operations performed under different spatial relation of robot joints, 

i.e., different joint configurations. This augmentation aims to offer a completely new quality to the 

previously presented algorithms for collision detection, allowing them to be used under different 

conditions to those when the reference sequence was formed. From the perspective of load 

manipulation, rather than pick and place operations from and onto same positions, these tasks may 

include palletizing or depalletizing operations, bin picking, camera-guided pick and place 

operations, machine tending etc. From the processing tasks, examples may include riveting, drilling, 

stamping, snap-fit assembly, bending and other operations which can be performed with different 

orientations of the tool and joint configurations. 

The aforementioned greatly extends the potential field of applications, but it requires 

additional analysis and information from the robot controller. This information is primarily related 

to understanding the joint spatial distribution and its influence on individual joints. 

Additional and highly valuable benefit of the alteration proposed in this Chapter is related to 

its extended possibility for implementation in field of detection of intentional interactions, in a 

standalone or hybrid capacity. Therefore, the analysis in the following sections will be mostly 

considered from the perspective of a hybrid approach in which only the deviations of the measured 

signal from its nominal values is observed, as explained in the section 3.3.   

4.1. Background idea and applications 
 

Considerations from the introductory part of this Chapter and conclusions related to the 

previously presented mDTW approach form the basis on which the approach and algorithm 

presented in this Chapter are conceived. The approach will be designed to be implementable 

without expert knowledge, to work without additional sensors, and to be platform independent. To 

achieve these goals, it relies on previously developed algorithms for the identification of kinematic 

parameters and, more importantly, for non-model-based collision detection. The most important 

contribution presented in this Chapter will be in the augmentation of the modified Dynamic Time 

Warping (mDTW) algorithm in the form of the inclusion of coefficients related to a kinematic 

model of the robot. In this way, an entirely new dimension to the algorithm is added, enabling it to 

respond to changes in spatial relation of robot joints and the effects that external contact forces have 

on them. 

All research and procedures relevant to the realization and implementation of the proposed 

algorithm will be briefly overviewed to understand better the information required and the level of 

automation it is possible to achieve, both of which are important aspects from the Industry 4.0 

perspective. However, the focus will be on the fusion of this information to enable an effective and 

reliable algorithm for the inclusion of contact task dynamics. To simplify the analysis, an industrial 

robot with six revolute joints is considered, being the most common configuration, but all 

conclusions are also valid for other robot configurations as well as robots with prismatic joints. 

The starting assumption is that when a robot is performing a task that does not involve 

contacts or changes in weight, values of all measurements that are available at each robot joint are 

in accordance with nominal values, i.e., can be considered to be known based on a nominal model 

of the robot or in some other shape or form. Contacts with the surroundings or changes in weight 

cause deviations from these nominal values. The idea underlying the proposed approach and 

algorithm is that these deviations reflect contact task dynamics and that their correct interpretation 

can lead to the implicit inclusion of the unmodelled forces and torques that appear during contact 

tasks.  
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In this Chapter, deviations recorded while performing one representative example of the 

contact task are referred to as a reference sequence. Deviations recorded during the operation of the 

robot stored in a sequence with first-in-first-out logic will be referred to as the measurement vector. 

The correct interpretation of the deviations in the measurement vector based on its comparison with 

the reference sequence can indicate whether the deviation originates from an expected, desired 

contact whose dynamics was not included in the nominal model or from some erroneous state or 

condition. 

As presented and discussed earlier, the mDTW enables matching the measurement vector to 

a segment of the reference sequence as well as implementation in real time [53]. It also has the 

advantage of implicitly including all dynamic events and phenomena without modelling or deep 

understanding, since it observes joint events, which are consequences of task dynamics. However, 

the drawback of mDTW is that it was designed to perform matching of signals while the robot 

performs the movement in an identical or very similar way, maintaining a similar joint posture. 

Periodic tasks that include such movement are very common, but in the general case and especially 

in Industry 4.0 applications, a robot is expected to be more agile and adaptable to meet the needs of 

the interconnected event-driven production environment. These requirements also relate to its 

movement, meaning that the straightforward implementation of mDTW is no longer suitable in the 

general case, since the movements for the same type of task may require significant changes in the 

spatial relation of the robotôs joints. Differences in joint spatial relation dictate differences in effects 

that contact forces have on individual joints, resulting in the different profiles of deviations that are 

noticeable on a joint level. Supplementing mDTW with values related to the kinematic model of the 

robot aims to solve these drawbacks, and to this end, the following sections describe procedures 

used to identify kinematic model of the robot and its end-effector as well as the way in which these 

parameters are introduced into mDTW. 

4.2. Identification of robot DH parameters 
 

Starting from identifying robot Denavit-Hartemberg (DH) parameters from the base of the 

robot to the flange to which the end effector can be attached, it is essential to note that it can be 

performed in numerous ways, including manual calculations. However, the general approach of 

algorithms in this thesis is to facilitate the implementation of the algorithm and reduce the chances 

of errors wherever possible using automated procedures. To this end, this section aims to present an 

approach to designing an automatic procedure for obtaining DH parameters of a robot with arbitrary 

configuration. The approach is based on obtaining partial pose measurements, containing only the 

positions of the point of interest, and using this information to perform a full body identification of 

kinematic parameters.  

Previous research [60], [61] [62] has described that an automatic procedure that moves the 

individual axis while monitoring the position of the point of interest at the end effector can be used 

to perform the identification of kinematic DH parameters of the robot, or some of their alternatives 

[63]. The procedure can effectively extract relevant parameters for rotational and prismatic joints 

alike, and therefore the configuration of the robot does not impose any applicability limitation. A 

similar principle was later further elaborated [64] [65] with considerations regarding accuracy and 

tools that can be used for its successful implementation in realistic environments.  

Common to all the mentioned identification approaches is that the DH parameters are 

calculated based on the trajectories that the observed point of interest has while the robot moves 

each of its axes individually. In the case of rotational joints, the trajectory will be circular, and the 

centre and orientation of the path will indicate the direction of the z axis of the observed current 

joint. From the formed spatial directions of z axes for each joint, directions of other axes can be 

calculated as well. In the case of non-parallel z joint axes, the common normal from the previous 

towards the current direction of the z axis will determine the direction of the new x axis, and the 

point of its intersection with the current z axis will determine the current coordinate origin.  
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The approach to the identification presented in the following sections is based on [60] and it 

introduces a different way of calculating parameters using only three measurement points per joint. 

This approach enables complete definition of joint rotation axis based on analysis of two 

measurement vectors and their bisectors, unlike method presented in [62] which uses fitting 

measurements to the arc in order to determine the rotation centre. Furthermore, unlike in [62] the 

directions of x and y axes of each joint are determined in accordance with DH convention for 

facilitated further calculation of kinematic parameters. For better understanding, it additionally 

differs from the [61] by its representation of vectors using direction and point, rather than Plücker 

coordinates.  

The benefit of using the aforementioned approach is that it is not restrictive regarding the 

type of sensors that are used to determine the position of the observed point in some external 

reference frame. The position can be measured directly as long as the accuracy and measurement 

volume are not issues. 

A theodolite or any other measurement sensor can be used. Another approach is to measure 

the position indirectly, using joint encoder measurements and a built-in kinematics model all robots 

use for direct kinematic tasks. For the purpose of performing the analysis in following sections, the 

kinematic model was calculated using the coordinates of the TCP in the robotôs base frame, which 

were provided by the robotôs controller based on the measurements of the joint encoders.  

 

4.2.1. Denavit-Hartemberg notation 

 

Starting from the notation on which the analysis and development of the approach is based, 

this section offers a quick overview of the terms and notations used in the following discussion and 

elaboration, illustrated on Figure 31. 

 In order to describe a relation between two joints with indexes i and i-1, i.e., coordinate 

systems related to them, using D-H notation, two preconditions must be met [66]: 

- axis xi is perpendicular to axis zi-1 

- axis xi intersects axis zi-1. 

For the base coordinate system, the z axis goes along rotation axis of the joint. The x axis 

can be chosen in any suitable direction, as long as it is perpendicular to the z axis, and y axis is set 

in such way that it forms a right-handed Cartesian coordinate system together with previously set x 

and z axes.  

For a joint with index i, zi axis is also set along its rotation axis. However, the xi axis is 

chosen in such way that it is positioned along the vector perpendicular to both zi axis and zi-1 axis of 

previous joint, which is why it is also known as common normal.  

 

 

Figure 31 Notation used for calculation of Denavit-Hartenberg parameters [66]. 

 

To Denavit and Hartenberg, the common normal served as the main geometrical concept 

which enabled them to find a minimal representation [67]. This normal also represents the shortest 

distance between axes zi and zi-1 The origin Oi of coordinate system is located at the intersection of 
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zi axis and the previously determined axis xi. The yi axis completes the right-handed Cartesian 

coordinate system.  

In order to match coordinate systems of two neighbouring joints with indexes i and i-1, a set 

of two translations and two rotations was used. First, the coordinate system with index i-1 is 

translated along axis zi-1 to the point where it intersects with axis xi. The distance of translation 

represents parameter di. Second operation rotates the coordinate system with index i-1 until axis xi-1 

is aligned with axis xi. The angle of rotation is equal to parameter Ŭi. The third step is to move the 

coordinate system with index i-1 along axis xi until the origins Oi and Oi-1 match. Distance travelled 

along xi axis is equal to parameter ai. The final step is to rotate coordinate system with index i-1 

around axis xi until axes zi and zi-1 match. The angle of rotation represents parameter ɗi. 

All four steps of matching two coordinate systems can be described with set of four acquired 

parameters ɗi, Ŭi, di, and ai, and a homogenous transformation matrix (14) - (15) [66]: 
 

iiii xaxdzz
i
i RotTransTransRotH aq ,,,,1 Ö=-  

(14) 

 

Ὄ

ὅ— Ὓ—ὅ‌ Ὓ—ὅ‌ ὥὅ—
Ὓ— ὅ—ὅ‌ ὅ—Ὓ‌ ὥὛ—
π Ὓ‌ ὅ‌ Ὠ
π π π ρ

 (15) 

 

4.2.2. Obtaining Parameters 

 

This section describes an algorithm that can be used in order to identify Denavit-Hartenberg 

(DH) parameters. The concept is based on gathering partial pose measurements of a single point 

attached onto robot's end effector. During the acquisition of measurements, the robot performs 

elementary movements, and therefore it does not require any complex programming. Additionally, 

this approach can be fully automatic. Although similar movement procedure is used by company 

Scape Technologies to extract DH parameters from robot itself, the calculations are based on a 

different concept and for different purposes. The following analysis is considered for a 6-axis robot 

with revolute joints, but it is applicable to any other configuration as well. 

The idea is to gather exactly the information which is needed to calculate DH parameters, 

and that is the relative position and rotation angles between neighbouring axes.  

 

Figure 32 Examples of robot movements and measured positions [60]. 

In order to perform measurement, it is needed to measure position of a point rigidly fixed to 

the last segment of the robot. Let us name that point of interest as tracked point, or TP. The only 

restriction to the position of TP is that it may not be located on the rotation axis of the last joint. The 

restriction is imposed by the principle of the algorithm itself.  

If the TP is not collinear with the axis of the rotation of the last joint, when rotation of that 

particular joint occurs, the TP will have a circular trajectory, as shown on Figure 32. The rotational 
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axis of the observed joint is parallel to the vector which is normal to the plane in which the 

measurements are located and runs through the centre of the measurement circle. 

It is possible to identify the needed values in numerous ways. However, having in mind the 

restrictions that are often imposed by various factors including the construction of the robot, 

measuring volume or accuracy of the measuring devices, robot surroundings etc., it is desirable to 

keep in mind the applicability and implementation aspects of the solution. In order to define the two 

defining aspects for the rotational axis, i.e., the direction and the point at the centre of the 

measurement circle, an approach described in this section relies on the possession of measurements 

in only three points per observed joint. 

Let us assume that the three measurement points A, B and C located on the circular 

trajectory of the TP after movement of a single joint were acquired as the first, the second and the 

third measurement. In that case, vector product of vectors AB and BC would result in the vector 

parallel to the joint rotation axis.  

After normalization of this vector, the next step in defining the rotation axis is to specify the 

point through which the rotation axis runs, i.e., the centre of the circle. The centre of the circle can 

be defined as the point of intersection of the vectors ABn and BCn, bisecting the vectors AB and BC 

respectively in the plane defined by the three non-collinear points A, B and C, as shown on Figure 

33.  

Although theoretically inevitable, due to the nature of the measurements, it is expected that 

the bisecting vectors will not exactly intersect with each other, so the point of interest is actually the 

point in which they are the closest. Having acquired the point of interest, it is possible to define the 

exact joint rotation axis, which is by the definition of DH notation the z axis of the observed joint. 

The procedure described for the last joint can be repeated for all joints, and once the 

directions of all robot joints, i.e., all of their z axes have been calculated, it is possible to extract the 

DH kinematic parameters of the entire robot.  

 

Figure 33 Calculation of the joint rotation axis. 

 

When points and direction vectors of z axis of two neighbouring joints i and i-1 are 

observed, the shortest distance can be calculated as a vector connecting two points on axes, while 

being perpendicular to both axes. This vector is also known as a common normal, and its length 

represents parameter ai. Point of intersection of this vector with axis zi determines the origin of the 

coordinate system of joint i, and its direction determines the direction of axis xi, which points away 

from the previous joint. 

In the case of parallel zi and zi-1 axes, the direction of the xi axis is determined using identical 

rules. However, since the number of the common normal is infinite, any convenient point can be 

chosen as the current joint coordinate system origin. The yi coordinate axis is determined to 

complete the right-handed Cartesian frame, forming the joint coordinate frame. The spatial relation 

of all joint coordinate frames can then be used conventionally to determine kinematic parameters in 

DH or any other notation. 
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The distance between the coordinate origin Oi-1 of joint i-1 and point on zi-1 closest to the 

axis zi represents offset di. 

When coordinate origins have been matched, axes xi and xi-1 lay in the same plane. 

Therefore, the angle ɗ can easily be calculated from scalar product of unit vectors i i and ii-1 along xi 

and xi-1 (16), respectively. 

 
 — ὥὶὧὧέίὭẗὭ  (16) 

 

After rotation of axis xi to match xi-1, the angle between zi and zi-1 can also be calculated 

using scalar product of unit vectors ki and ki-1 along respective axes. Calculated angle represents 

angle Ŭi (17). 

 
 ɻ ὥὶὧὧέίὯẗὯ  (17) 

 

Calculated values form DH parameters for one set of joints, which can be incorporated into 

homogenous transformation matrix (15). When values for all neighbouring joints have been 

determined, the final transformation matrix is equal to product of all matrices (18). 

 
 

Ὄ Ὄ Ὄ  (18) 

 

When final transformation matrix has been obtained, the model can be used to accurately 

represent the real robot. Parameters Ŭi , di and ai are constant in case of rotary joints, while ɗi are 

actually internal coordinates qi, used to calculate the position of segments. While the described 

procedure has been explained on example for robots with rotary joints, it is also applicable for 

robots with linear axis with simple modifications. 

If the robot has linear joints, there are a few differences, some of which simplify calculation. 

One difference is that axis zi is set along the axis in which the linear joint moves. Value ai is 

considered to be zero since it can be chosen arbitrarily. Axis xi is set to be normal to the plane in 

which zi and zi-1 lay, i.e., to be in direction of zi-1×zi, or the opposite direction. Axis yi is set so that it 

forms a right-handed Cartesian coordinate system with xi and zi. Value di is now internal coordinate 

qi, and it is equal to zero at the point where Oi and Oi-1 match. Parameters ɗi and Ŭi are constant in 

case of a linear joint. 

From the described procedure, it is possible to conclude that the approach can be applied for 

any number and type of joints with single degree of freedom. Therefore, it can be used with any 

given configuration of the robot, including external axes that may be used to extend its robot's 

working range or to introduce redundancy, as long as they form a kinematic chain with robot itself. 

 

4.2.3. Results and Discussion 

 

Based on the previously described algorithm, parameters of Denso VP-6242 robot were 

calculated. The measurements obtained from the robot controller in form of full-pose measurements 

were calculated on the controller itself using its kinematics model using measurements from joint 

positions/angles. This model used by the robot controller for forward kinematics calculations, and it 

is commonly found on almost all industrial robots in use. Full-pose measurements include the 

positions and orientations of the point in robotôs base coordinate system, but for calculations, only 

the positions were used, while rotations about each of the axes were omitted during calculations. 

The results of calculations is presented in Table 5. 

This approach to calculation of DH parameters for the use within the KA-mDTW algorithm 

is very convenient, as it does not require any external sensors or equipment. Additional advantage 

of the algorithm presented in this section is that it can accommodate for constrictions imposed by 




























































