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Summary  

Human–robot collaboration requires robotic systems capable of operating 

safely and efficiently in close proximity to human operators, while adapting to 

dynamic and uncertain environments. Although current collaborative robots 

comply with international safety standards, their capabilities are often limited to 

conservative and reactive behaviors, which restrict the exploitation of true 

human–robot synergy. This doctoral thesis addresses these limitations by 

proposing an integrated, human-centered framework that tightly couples 

perception, safety assessment, and motion planning to enable adaptive and 

context-aware collaboration. 

The main contributions of this work focus on the perception and cognition 

layers of the interaction loop. A multimodal human arm tracking system is 

developed by fusing wearable inertial measurement units with an event-based 

vision sensor through a Kalman filter–based framework. The complementary 

characteristics of inertial sensing and event-driven vision enable accurate and low-

latency upper-limb tracking while reducing computational load. Experimental 

results demonstrate improved accuracy and stability compared to unimodal 

tracking approaches. 

The same inertial sensing infrastructure is further exploited to assess the 

operator’s motion safety state. A machine learning–based classifier is trained to 

detect abrupt and potentially hazardous movements in real time, allowing the 

system to distinguish between nominal task execution and safety-critical 

behaviors. The network achieves recognition accuracy above 93% during testing. 

When integrated into the complete system, the detection pipeline enables timely 

safety responses, including robot stopping actions, with an overall reaction time 

below 0.5 s. 

At the planning level, a reinforcement learning–based framework is proposed 

to generate human-aware robot motions. Two learning environments are designed: 
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a joint-control environment, used to progressively train the robot to accurately 

follow target trajectories, and a path-planning environment, in which the agent 

learns to generate collision-free Cartesian paths in the presence of a human 

operator and environmental constraints. Safety, kinematic feasibility, and collision 

avoidance are embedded directly into the reward functions, allowing the learned 

policies to internalize safety constraints rather than relying on external 

supervisory logic. The path planner proved to be an effective approach for 

generating collision-free trajectories with a success rate exceeding 90% within the 

specified workspace. 

All components are integrated within a modular ROS 2–based architecture 

that enables real-time communication between perception, safety assessment, and 

motion planning modules. The complete framework is validated on a 

representative collaborative assembly task, where the robot and the human 

operator share the workspace. The experimental results demonstrate that the 

proposed architecture can safely manage human presence, react to abrupt operator 

movements, and generate adaptive robot trajectories consistent with the 

interaction context. 

Overall, this thesis shows how multimodal perception, data-driven safety 

assessment, and reinforcement learning–based planning can be cohesively 

integrated to move beyond purely reactive safety mechanisms, contributing 

toward adaptive and robust human–robot collaboration. 

  



2 

 

 

  



 

Acknowledgment  

 

  



 

2 

 

 

 

 

 

 

 

 

 

 

 

 





 

  
 

 

 

 

 

 

 

 

 

 

 



 

 

Contents 

1. Introduction ........................................................................................................ 3 

1.1 Collaborative Robotics ............................................................................ 3 

1.2 Scope ....................................................................................................... 1 

1.3 International Standard.............................................................................. 3 

ISO 10218 update 2025 ............................................................................. 5 

2. State of the Art ................................................................................................... 8 

2.1 Human robot collaboration ...................................................................... 8 

2.2 Perception and Cognition ...................................................................... 10 

Optical-based sensor ................................................................................ 11 

Motion-based sensors .............................................................................. 18 

Acoustic sensors ...................................................................................... 22 

Tactile sensors .......................................................................................... 22 

Biosignal sensors ..................................................................................... 24 

2.3 Multi-modal perception ......................................................................... 26 

3. Human arm tracking ........................................................................................ 31 

3.1 System overview ................................................................................... 33 

3.2 Human arm kinematic model ................................................................ 34 

3.3 IMU-based tracking system ................................................................... 38 

3.4 Event-based tracking system ................................................................. 40 

3.5 Sensor Fusion Framework ..................................................................... 46 

3.6 Experimental Validation ........................................................................ 49 

3.7 Experimental Results and Discussion.................................................... 54 

3.8 Limitations ............................................................................................. 61 

4. Abrupt Movements .......................................................................................... 65 

4.1 Data collection ....................................................................................... 67 



 

2 

 

Experimental set-up ................................................................................. 67 

4.2 Data Statistics ........................................................................................ 75 

4.3 Network Training .................................................................................. 81 

4.4 Network implementation ....................................................................... 88 

4.5 Conclusion ............................................................................................. 98 

5. Path planning with RL ................................................................................... 101 

5.1 Introduction ......................................................................................... 101 

Reinforcement learning: background and terminology ......................... 103 

5.3 Robot and set up descriptions .............................................................. 105 

Common Set up ..................................................................................... 107 

5.3 Joint-control environment ................................................................... 108 

Observation space, action space, and environment dynamics ............... 109 

Reward function design ......................................................................... 110 

Reset function ........................................................................................ 115 

Training Procedure ................................................................................ 116 

Results .................................................................................................... 118 

5.4 Path planner environment .................................................................... 125 

Observation space and action spaces ..................................................... 125 

Path parametrization .............................................................................. 126 

Environment dynamics and collision checking ..................................... 127 

Reward function ..................................................................................... 127 

Reset function ........................................................................................ 128 

Training procedure ................................................................................. 130 

Results .................................................................................................... 130 

Comparison with traditional motion planning approaches .................... 132 

5.6 Conclusion ........................................................................................... 139 

6. Collaboration Framework .............................................................................. 142 

6.1 Overview ............................................................................................. 142 

6.2 ROS2 Architecture .............................................................................. 144 

Design constraints and Architectural choice.......................................... 145 

6.3 System Integration ............................................................................... 151 

Hardware Updates .................................................................................. 151 



 

3 

 

Experimental set-up ............................................................................... 152 

Activation procedure .............................................................................. 153 

Collaboration Task ................................................................................. 154 

Safety Response to Abrupt Human Motion ........................................... 160 

6.4 Conclusion ........................................................................................... 165 

7. Conclusion ..................................................................................................... 167 

Future Improvements ............................................................................. 168 

8. References ...................................................................................................... 171 

9. Appendix A .................................................................................................... 180 



 

List of Tables 

Table 1 Some of the available cobot in the market ........................................... 4 

Table 2 Denavit–Hartenberg Parameter .......................................................... 37 

Table 3 Average absolute position error for each movement performed by 

Subject 1, reported for the 𝒙, 𝒚, and 𝒛 components, as well as for the Euclidean 

distance. ................................................................................................................. 57 

Table 4 Average absolute position error for each movement performed by 

Subject 2, reported for the 𝒙, 𝒚, and 𝒛 components, as well as for the Euclidean 

distance. ................................................................................................................. 58 

Table 5 Average absolute position error for each movement performed by the 

Analogue Arm, reported for the 𝒙, 𝒚, and 𝒛 components, as well as for the 

Euclidean distance. ................................................................................................ 58 

Table 6 Comparison of mean wrist and elbow position errors reported in the 

literature for different arm-tracking systems. ........................................................ 59 

Table 7 Average absolute position error for each movement repeated 10 times 

performed by Subject 1, reported for the 𝒙, 𝒚, and 𝒛 components, as well as for 

the Euclidean distance. .......................................................................................... 59 

Table 8 RMS values of accelerations and angular velocities averaged among 

windows (mean ± standard deviation), and p-values obtained from the Wilcoxon 

test between standard and abrupt values (** indicate a statistically significant 

difference). ............................................................................................................. 76 

Table 9, p-values from the Wilcoxon test comparing standard and abrupt 

movements across the six 0.5-second sub-windows for both acceleration and 

angular velocity. ..................................................................................................... 80 

Table 10 Results metrics on the validation set ................................................ 86 

Table 11 Results metrics on the test set .......................................................... 86 



 

3 

 

Table 12 Step size, number of abrupt windows per movement, number of 

windows per trial,  total windows per subject, and total abrupt windows per 

subject for the tested overlap levels, 50%, 75%, 90%, 95%, and 99%. ................ 91 

Table 13 Average inference time across all subjects and total inference time 

(in seconds) for each overlap percentage ............................................................... 95 

Table 14 Average time required to analyze a single window (in milliseconds) 

for each overlap percentage ................................................................................... 96 

Table 15 Training hyperparameters used during the progressive learning of 

the joint-control agent. The table reports the maximum number of episodes, 

Gaussian exploration noise standard deviation and bounds, and the target policy 

smoothing parameters adopted at each training stage. ........................................ 118 

Table 16 Position and velocity tracking errors at different stages of training in 

the joint-control environment, illustrating the progressive improvement of the 

agent performance from early to final training stages. ........................................ 119 

Table 17 Training hyperparameters. The table reports the maximum number 

of episodes, Gaussian exploration noise standard deviation and bounds, and the 

target policy smoothing parameters adopted at each training stage. ................... 122 

Table 18 Position, velocity and orientation tracking errors at different training 

stage. .................................................................................................................... 122 

Table 19 Spatial extent of the left, central, and right workspace regions used 

in the reset function. The limits of each region are expressed in meters with 

respect to the base_link reference frame. ............................................................. 129 

Table 20 Training hyperparameters. The table reports the maximum number 

of episodes, Gaussian exploration noise standard deviation and bounds, and the 

target policy smoothing parameters adopted at each training stage for both the 

environment, with and without the gripper. ......................................................... 131 

Table 21 Success rates of collision-free path generation at different training 

stages for the path-generation environment, comparing agent performance with 

and without the gripper attached. ......................................................................... 132 

Table 22 Comparison between the proposed reinforcement learning-based 

path-generation method and motion planning approaches reported in [112] ...... 137 





 

List of Figures 

Figure 1 Annual installation of industrial and collaborative robots per year [1]

 ................................................................................................................................. 4 

Figure 2 Perception–decision–action loop underlying human–robot 

collaboration: multimodal perception of the shared workspace informs cognitive 

processes for safety assessment and decision-making, which drive human-aware 

motion planning and robot execution ...................................................................... 1 

Figure 3 Level of collaboration in human robot interaction. [4] ....................... 8 

Figure 4 Sensor taxonomy employed in HMI ................................................. 10 

Figure 5 Classification of the optical-based sensing approaches employed in 

human–robot interaction, the numbers in the circles indicate the corresponding 

references in the bibliography ................................................................................ 11 

Figure 6 Operating principle of a Dynamic Vision Sensor (DVS). ON and 

OFF events are generated when changes in logarithmic light intensity exceed 

predefined contrast thresholds, with the reference level reset after each event to 

enable continuous asynchronous sensing [19]. ...................................................... 13 

Figure 7 Examples of event-based representations. (a) Accumulated event 

frame over a 33 ms time window [21]. (b) Comparison between conventional 

frame-based output and event camera output for a rotating stimulus as spatio-

temporal representation (red: ON events, blue: OFF events) [22]. (c) Event-based 

representation with a fixed event count during a pick-and-place task (green: ON, 

red: OFF) [23]. (d) Comparison between a standard image and an accumulated 

event frame, where color encodes event age (red: recent events, blue: older 

events). ................................................................................................................... 14 

Figure 8 MEMS accelerometers design .......................................................... 18 

Figure 9 Gyroscope MEMS architectures [48] ............................................... 18 

Figure 10 Different application with IMUs sensors, a) Pose estimation of 

human upper limb [53],  b) gesture recognition with CNN Network [55], c) User 



 

2 

 

identification and human tracking [51],  d) Human arm predicting motion with 

LSTM [57]. ............................................................................................................ 21 

Figure 11 Number of studies related to multimodal human machine -robot 

interaction [6] ......................................................................................................... 27 

Figure 12 Representative applications of multimodal perception in human–

machine and human–robot interaction. a) Visual–Inertial Skeleton Tracking 

combining a sensor glove equipped with multiple IMUs and passive visual 

markers with a head-mounted stereo camera [77]. b) Multimodal emotion 

recognition pipeline integrating eye data and EEG signals with facial information 

to improve recognition accuracy [79]. c) Multimodal human–robot collaboration 

scenario enabled by the integration of speech command recognition, hand motion 

recognition, and full-body motion recognition [61]. d) Multimodal interaction via 

speech, eye gaze, and pointing gestures . .............................................................. 29 

Figure 13 Overview of the proposed joint tracking system. Human arm joints 

value are estimated using data from two IMUs and an event camera and then 

fused together with a Kalman filter. In the right image the fusion process is 

depicted, in blue the posture estimated with the IMUs and its covariance, in red 

the posture estimated with the event camera and its covariance and, lastly, in 

yellow the fused pose. ............................................................................................ 33 

Figure 14 Human right arm model. The model is composed of three links, 

Torso (white), Upper-arm (gold) and Forearm (blue) and five joints, three for the 

upper arm motion and two for the forearm. ........................................................... 35 

Figure 15 Human arm kinematic model fontal and lateral view. Each z-axis 

corresponds to the rotation axis of its associated joint .......................................... 36 

Figure 16 IMU and links orientation in the anatomical referances 

configuration and in a generic one. ........................................................................ 39 

Figure 17 Illustration of event camera data processing steps. a) The original 

raw events  are b) filtered and undistorted. c) The resulting processed events are 

assigned to the set of upper arm points or to the set of forearm points according to 

the area defined by landmarks on the kinematic model of the arm. ...................... 40 

Figure 18 Example of event assignment on the Event-Count Surfaces. The 

figure illustrates how an event (𝒆𝒌) with coordinate 𝒙𝒌 = 𝟓 and 𝒚𝒌 = 𝟔 is 

assigned to the corresponding subsampled cells in the surfaces 𝑺 and 𝑺′. ............ 42 

Figure 19 Explanatory illustration of the model projection in event camera 

plane ....................................................................................................................... 43 

Figure 20 An illustrated example of the event optimization method. The joint 

configuration is changed until the two segments are in the pose that minimize the 

standard deviation of the distances between the segments and the events. The light 



 

3 

 

and dark blue points represent events assigned to the upper arm and forearm, 

respectively. ........................................................................................................... 44 

Figure 21 Kalman framework and logic flow ................................................. 46 

Figure 22 Conceptual illustration of the fusion. The left image illustrates the 

pose estimated by the IMUs, by the event camera and in the previous state 

estimation with their covariances, they are represented in blue, red and yellow, 

respectively. The right image shows the output of the sensor fusion, i.e. the fused 

pose with its covariance. ........................................................................................ 48 

Figure 23 The wearable equipment setup on the a) analogue arm; b) human 

arm. ........................................................................................................................ 49 

Figure 24 The five types of movements performed in the experimental trials.

 ............................................................................................................................... 50 

Figure 25 Tracking system ROS2 architecture ............................................... 51 

Figure 26 Mechanical arm analogue. The four parts composing the analogue 

are depicted in different color. In orange the shoulder joint, in pink the upper arm, 

in green the elbow and in blue the forearm. Relevant dimensions are reported in 

millimeters. ............................................................................................................ 52 

Figure 27 Position estimation from Motion 1 performed by Subject 1. The 

position in the 𝒙, 𝒚 and 𝒛 coordinates and the distance error of the sensor fusion 

results are compared with the IMU-only estimation, the events-only estimation 

and the ground-truth. The left and right graphs report the ArUco on the forearm 

and the ArUco on the upper arm, respectively. ..................................................... 56 

Figure 28 Position estimation from Motion 2 performed by Subject 1. The 

position in the 𝒙, 𝒚 and 𝒛 coordinates and the distance error of the sensor fusion 

results are compared with the IMU-only estimation, the events-only estimation 

and the ground-truth. The left and right graphs report the ArUco on the forearm 

and the ArUco on the upper arm, respectively ...................................................... 57 

Figure 29 Workstation top view. ..................................................................... 68 

Figure 30 Task execution example, a) standard movements, b) visual stimulus 

movements response and c) auditory stimulus movement response. .................... 69 

Figure 31 Logic flow of the microcontroller algorithm used to manage visual 

and auditory stimuli during the pick-and-place task. The Arduino controls the 

activation of green LEDs for standard movements and triggers either visual or 

acoustic alarms after a randomized selection, ensuring that abrupt stimuli occur 

during the ongoing motion phase. .......................................................................... 70 

Figure 32 Placement of the inertial sensors on the operator’s upper body. The 

abbreviations indicate the sensor locations: RUA (right upper arm), RFA (right 

forearm), STR (sternum), LUA (left upper arm), and LFA (left forearm). Each 



 

4 

 

sensor is mounted according to the orientation defined by the local reference 

frame shown in the dashed box associated with each body segment. ................... 72 

Figure 33 Example of data obtained in a trial ................................................. 73 

Figure 34 (Top) acceleration norm and (bottom) angular velocity norm 

recorded during a complete pick-and-place trial. Grey dashed lines indicate the 

onset of standard events, while cyan solid lines correspond to visual or auditory 

stimuli used to elicit abrupt movements. ............................................................... 76 

Figure 35 RMS distribution of: (a) gravity-compensated and (b) not 

compensate acceleration and (c) angular velocity for standard and abrupt 

movements. Bin widths were determined automatically using the Freedman–

Diaconis rule. ......................................................................................................... 77 

Figure 36 Average temporal profiles of (top) acceleration and (bottom) 

angular velocity for standard (green) and abrupt (red) movements. Solid lines 

represent the mean across all windows, while shaded areas indicate the inter-

window standard deviation. ................................................................................... 79 

Figure 37 Network structure ........................................................................... 83 

Figure 38 Schematic representation of the 5-fold cross validation training 

implementation ...................................................................................................... 84 

Figure 39 Graphical interpretation of classification outcomes and related 

performance metrics. The left diagram illustrates the two-class partition, while the 

right diagram shows how predicted and actual classes combine to form true 

positives (TP), true negatives (TN), false positives (FP), and false negatives (FN). 

These four components constitute the basis for computing accuracy, precision, 

recall, specificity, and F1-score. ............................................................................ 85 

Figure 40 Confusion matrix obtained on the validation set a) and on the test 

set b). ...................................................................................................................... 86 

Figure 41 Example of sliding-window segmentation of the acceleration signal 

for different overlap configurations. Each panel shows 0.5 s windows (blue 

rectangles) shifted along the same time series with decreasing step size from top 

to bottom, corresponding to increasing overlap ..................................................... 90 

Figure 42 (top) Acceleration signal segmented into 3 s windows (orange 

dashed vertical lines), with the four abrupt movements (red rectangles) and the 

abrupt sliding windows with 50% overlap highlighted (yellow rectangles), 

(bottom) zoomed view of the fourth abrupt movement. The central yellow area 

appears brighter as a result of the overlap of multiple windows. .......................... 92 

Figure 43 Performance metrics for the different overlap configurations for 

window accuracy ................................................................................................... 93 



 

5 

 

Figure 44 Performance metrics for the different overlap configurations for the 

redefined abrupt identification rule ........................................................................ 94 

Figure 45 Average inference time trend over overlap percentage .................. 95 

Figure 46 Schematic representation of the temporal behavior of the sliding-

window pipeline. (right) optimal configuration; (left) non-optimal configuration. 

In the optimal case, the processing time for acquisition, pre-processing, and 

classification is shorter than the step size, so each classification is completed 

before the next window is triggered. In the non-optimal case, the processing time 

exceeds the step size, causing overlapping processing blocks and an accumulating 

delay that progressively desynchronizes the classifier from the data stream. ....... 97 

Figure 47 Reinforcement Learning paradigm. .............................................. 103 

Figure 48 Actor-Critic algorithms working principle [97]............................ 105 

Figure 49 (Left) Physical UR3 collaborative robot. (Right) Corresponding 

UR3 model depicted in the zero joint configuration, highlighting the base_link 

and tool0 reference frames. .................................................................................. 106 

Figure 50 Simplified collision model of the UR3 manipulator. The robot links 

are approximated by basic geometric primitives that conservatively envelope the 

real structure ........................................................................................................ 106 

Figure 51 Tridimensional representation of the environment, the base_link 

references frame and the tool0 reference frame are reported .............................. 107 

Figure 52 Simulink framework utilized to perform the reinforcement learning 

training ................................................................................................................. 108 

Figure 53 Safety-related reward surface 𝑹𝒔𝒂𝒇𝒆𝒕𝒚 around the obstacle for 

(left) TCP velocity 𝒗𝐓𝐂𝐏 = 𝟐 𝐦/𝐬  and (right) 𝒗𝐓𝐂𝐏 = 𝟎. 𝟑 𝐦/𝐬. The reward 

exhibits a strong negative region in the proximity of the obstacle position PtO, 

corresponding to the non-traversable zone, and a progressively decreasing penalty 

with increasing distance. ...................................................................................... 113 

Figure 54 Progressive training strategy adopted for the joint-control 

reinforcement learning environment. Task complexity is gradually increased by 

sequentially introducing additional constraints, starting from basic path execution 

and extending to orientation control, internal and external collision avoidance, and 

human-aware behavior, while previously learned behaviors are preserved 

throughout the training process. ........................................................................... 117 

Figure 55 Comparison between the Cartesian trajectory components generated 

by the agent and the target trajectory over time. .................................................. 119 

Figure 56 Instantaneous position error between the target trajectory and the 

trajectory executed by the agent .......................................................................... 120 



 

6 

 

Figure 57 Comparison between the Cartesian velocity components generated 

by the agent and the corresponding target velocity profiles over time. ............... 120 

Figure 58 TCP orientation expressed in Euler angles over time, ZYX 

sequence. (Top) Orientation evolution before orientation-constrained training, 

showing significant variations along the trajectory. (Bottom) Orientation behavior 

after training, demonstrating stable tracking of the target orientation throughout 

the motion ............................................................................................................ 121 

Figure 59 Three-dimensional comparison between the trajectory generated by 

the agent and the target path in the presence of an obstacle. While the agent 

successfully deviates from the nominal path to avoid the obstacle, it fails to re-

converge towards the target trajectory after the avoidance maneuver. ................ 124 

Figure 60 Path construction process. a) The path is generated in a normalized 

space using the shaping parameters produced by the reinforcement learning agent. 

b) The path is geometrically mapped through scaling and rotation to align it with 

the direction connecting the initial and final points 𝒑𝑰 → 𝒑𝑭. c) The plane 

containing the path is subsequently rotated about the main trajectory axis 

according to the agent-controlled parameter 𝜽 .................................................... 126 

Figure 61 Reward function associated with collision events. Collisions 

occurring in the early portion of the path generate a more severe negative reward 

than collisions occurring in the final stage of the trajectory. ............................... 128 

Figure 62 Schematic partitioning of the workspace used by the reset function 

in the path-generation environment. The central region represents the transit area 

where the obstacle (human operator) is sampled, while the lateral regions 

correspond to loading and unloading zones from which the initial and final points 

of the trajectory are generated. ............................................................................ 129 

Figure 63 Examples of a collision-free Cartesian path generated by the 

reinforcement learning agent. The gold curve represents the path planned by the 

RL policy, the blue sphere denotes the obstacle representing the human operator, 

and the robot is shown in its initial configuration. .............................................. 132 

Figure 64 Overview of the integrated framework for real-time human–robot 

collaboration. The system combines perception, safety assessment, and decision-

making layers to generate safety-aware robot motions based on human state 

estimation, abrupt movement detection, and reinforcement learning–based path 

planning. .............................................................................................................. 143 

Figure 65 Simplified ROS 2 node graph of the implemented collaboration 

framework. The diagram illustrates the main ROS 2 nodes and data flows 

involved in the integration of inertial sensing, event-based vision, safety 

monitoring, and robot motion execution. Sensor interface nodes provide inertial 



 

7 

 

data, event streams, and robot joint states, which are processed to estimate the 

human state and to classify the operator’s motion safety. These outputs are 

integrated by the motion manager, which supervises task execution and interacts 

with the reinforcement learning–based path planner. The selected motion 

commands are executed through the robot control stack, while execution feedback 

and robot state are continuously monitored. ........................................................ 146 

Figure 66 Experimental setup and wearable sensing system. On the left, the 

collaborative workstation is shown, including the UR3 robot, the event camera, 

the workbench, and the assembly components together with the human operator. 

On the right, a detailed view of the wearable IMU-based sensing system mounted 

on the operator’s arm is reported. ........................................................................ 152 

Figure 67 Visualization tools used for system monitoring and debugging. The 

upper row shows real-time inertial measurements of the operator’s forearm, the 

event-based segmentation of upper arm and forearm, and the image obtained 

through event accumulation. The lower view presents a three-dimensional 

visualization of the scene, including the robot, the kinematic model of the 

operator, the camera reference frame, and the planned trajectories. ................... 154 

Figure 68 Assembly sequence of the target component. ............................... 155 

Figure 69 Spatial transition volumes used for task phase activation. (left) 

General three-dimensional view of the workspace volumes; (right) top view 

including the operator. The light blue volume corresponds to the pick area, while 

the purple volume defines the place area. Entry of the operator’s hand into these 

regions triggers the corresponding task phase transitions. .................................. 155 

Figure 70 Temporal evolution of operator and robot Cartesian positions 

during the collaborative assembly task, with the phase sequences. ..................... 156 

Figure 71 Three-dimensional visualization of the collaborative task execution 

across different phases. The robot trajectories (purple) and the operator hand 

motion (yellow) are shown. Colored volumes indicate the spatial zones whose 

activation triggers transitions between task phases. ............................................ 157 

Figure 72 Representative frames of the collaborative assembly task execution. 

The sequence shows the initial instant of each task phase, including independent 

manipulation by the robot and the operator, coordinated pick-and-place actions.

 ............................................................................................................................. 159 

Figure 73 Final stage of the task, in which the robot presents the subassembly 

to the operator to enable completion of the final operation. ................................ 160 

Figure 74 System response to an abrupt human motion during task execution. 

Forearm inertial measurements (linear acceleration and angular velocity) together 

with the robot joint positions. The vertical dashed line indicates the instant at 



 

8 

 

which the abrupt movement is detected, triggering trajectory interruption and a 

safety stop of the robot. ........................................................................................ 161 

Figure 75 (Top) Zoomed view of robot joints response to abrupt movement 

detection. (Bottom) Position of joint 𝒒𝟏 around the detection instant (dashed line). 

After the abrupt event is identified, the ongoing trajectory is aborted, and the 

controller drives the joint toward the commanded stop configuration. ............... 162 

Figure 76 Forearm acceleration around the abrupt movement event with 

associated video frames. The linear acceleration components are plotted over a 

time window centered on the abrupt movement. Selected frames are linked to the 

signal to illustrate the operator motion before the identification of the abrupt 

event, during the transient response, and after the robot has come to a complete 

stop. ...................................................................................................................... 164 

Figure 77 Robot behavior in the vicinity of an abrupt human movement. The 

upper image shows four superimposed frames captured during the abrupt 

movement, illustrating the robot displacement while the stop command is being 

processed. The lower image shows the robot already stopped. ........................... 165 

 



 

1 

 

 

  



 

2 

 

 

  



 

3 

 

Chapter 1 

Introduction 

1.1 Collaborative Robotics 

The current economic paradigm is increasingly oriented toward mass-

customization of products and highly flexible production systems, diverging from 

the traditional model of mass production, which was characterized by high 

specialization and limited adaptability. The previous industrial era relied heavily 

on automation and industrial robots. These machines are designed for high-speed 

motion, large payloads, and wide workspaces. Such features enable precise and 

rapid execution of repetitive tasks typical of mass production, but they do not 

allow for the simple reconfiguration of production systems that is necessary in 

modern flexible manufacturing. 

Moreover, traditional industrial robots cannot operate in close proximity to 

human workers. For safety reasons, they are physically separated from human 

workspaces. This segregation leads to several drawbacks: inefficient use of 

factory floor space, production interruptions whenever human intervention on the 

line is required, and low responsiveness to unexpected events. These limitations 

have motivated the emergence of collaborative robotics. 

Collaborative robots (cobots) are designed to share the same workspace with 

human operators, and even allow direct physical contact. This paradigm is 

particularly well suited for small and medium-sized enterprises, where production 

flexibility is crucial. Although collaborative robots have been available for several 

years and can now be purchased commercially (Table 1), their global market 

penetration remains relatively limited. According to the International Federation 

of Robotics, 541000 new industrial robots were installed worldwide in 2023, 

marking the third consecutive year above half a million units. However, only 

around 54000 of these installations (10%) were collaborative robots, as shown in 

Figure 1, while traditional robots accounted for the remaining 90% [1]. 
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Table 1 Some of the available cobot in the market 

Manufacturer 
Model DOF Communication 

Protocol 

Programming Mode 

Universal Robots UR-series 6 
Ethernet/IP, ModbusTCP, 

Fieldbuses 

Polyscope pendant; URScript; 

APIs; ROS/ROS2 

FANUC CR-7iA / CRX-10iA 6 
Ethernet, I/O, Vision 

connectors 
Teach pendant touchscreen 

Omron TM5-700 6 

Ethernet, Modbus 

TCP/RTU, RS232, 

Fieldbuses 

TMflow flowchart-based 

programming 

KUKA LBR iiwa 7 Ethernet (Sunrise Cabinet)  

Lead-through; KUKA Sunrise 

Cabinet; co-manipulation; 

simulation 

KUKA LBR iisy 6 

KR C5 micro controller with 

Ethernet; torque sensor 

feedback; IP30/IP54 

protection 

Drag-and-drop via iiQKA.OS; 
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Nevertheless, the impact of collaborative robotics on companies that adopt it 

has been positive, with reported improvements in performance [2]. In practice, 

however, most current industrial applications of cobots replicate the same tasks 

traditionally performed by standard industrial robots, leveraging primarily the 

elimination of physical barriers and the consequent space savings. This 

elimination of workspace separation is possible because collaborative robots are 

intrinsically safe, designed in accordance with international safety standards such 

as ISO 10218 and ISO/TS 15066, which specify requirements for power- and 

force-limited operation and safe human-robot interaction. A second motivation for 

the adoption of collaborative robots lies in their inherent ease of use. Modern 

collaborative robots are typically equipped with intuitive graphical interfaces and 

support programming by direct teaching, whereby the operator manually guides 

the robot to the desired configurations, or by means of simple input devices such 

as joysticks. This significantly reduces the complexity of robot setup and task 

reconfiguration, lowering the barrier to entry and limiting the need for highly 

specialized programming operator. As a result, collaborative robots can be more 

readily integrated into existing production environments and can be 

reprogrammed directly by shop-floor operators, thereby enhancing flexibility and 

facilitating wider industrial adoption. Despite these advances, the broader 

potential of collaborative robotics is still underexploited [3]. A likely explanation 

is the insufficient maturity of key enabling technologies required for truly 

effective human–robot collaboration. 

To fully unlock the potential of collaborative robotics, robots must 

demonstrate advanced environmental perception, robust decision-making, and 

adaptive planning capabilities. 
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1.2 Scope 

Building upon the need for advanced perception, robust decision-making, and 

adaptive planning in collaborative robotics, this thesis adopts a structured 

perception–decision–action paradigm as its conceptual foundation. As illustrated 

in Figure 2, effective human–robot collaboration relies on the continuous 

perception of a shared environment that explicitly observable includes a human 

operator, the interpretation of the acquired information to select appropriate 

actions, and the execution of those actions, which in turn modify the environment 

and influence subsequent interactions with the operator.  

From a perception standpoint, the accurate and robust representation of the 

workspace is a critical requirement. In dynamic collaborative scenarios, this 

increasingly calls for the integration of heterogeneous sensing modalities capable 

of capturing both the kinematic state of the human operator and the surrounding 

environment. The sensory data must then be processed and interpreted to extract 

meaningful information for higher-level reasoning and decision-making. 

Within this context, the primary objective of this thesis is to advance the state 

of the art in collaborative robotics by focusing on the perception and cognition 

layers of the interaction loop. To this end, a human-centred framework is 

developed that combines operator tracking, motion safety assessment, and human-

aware motion planning. Specifically, a multimodal operator tracking system is 

proposed, based on the fusion of heterogeneous sensors, namely wearable inertial 

measurement units and an event-based camera monitoring the workspace. A 

dedicated sensor fusion algorithm is designed to integrate these complementary 

sources of information, providing a robust and continuous estimation of the 

operator’s motion. 

The same inertial sensing infrastructure is further exploited to assess the 

safety state of the operator’s movements. Machine learning-based algorithms are 

trained to recognize motion patterns associated with potentially hazardous or 

abrupt behaviors, enabling an informed evaluation of the interaction context. 

Figure 2 Perception–decision–action loop underlying human–robot collaboration: multimodal 

perception of the shared workspace informs cognitive processes for safety assessment and decision-

making, which drive human-aware motion planning and robot execution 

Perception Cognition Action
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Finally, the information provided by the perception and safety assessment 

modules is leveraged to generate context-aware robot actions. In this regard, a 

learning-based motion planner is developed, capable of producing collision-free 

trajectories with respect to both the robot itself and the human operator. By means 

of reinforcement learning, safety and kinematic constraints are directly 

internalized within the planning policy, allowing the collaborative robot to adapt 

its behavior to the presence of the operator. 

Overall, the scope of this thesis is to demonstrate how tightly coupled 

perception, cognition, and planning modules can enable more natural, adaptive, 

and effective human–robot collaboration, moving beyond reactive safety 

mechanisms toward genuinely human-aware robotic systems. 
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1.3 International Standard 

The primary reference standards are ISO 10218-1:2011 “Robots and robotic 

devices — Safety requirements for industrial robots Part 1: Robots” and ISO 

10218-2:2011 “Robots and robotic devices — Safety requirements for industrial 

robots Part 2: Robot systems and integration”, which define general safety 

requirements for robots and integrated robotic systems, complemented by ISO/TS 

15066:2016 “Robots and robotic devices — Collaborative robots”, which 

provides specific guidelines for the design and application of collaborative robots. 

ISO 10218 is divided into two parts. ISO 10218-1 addresses the intrinsic 

safety requirements of the robot itself, including actuation controls, stop 

functions, speed monitoring, singularity protection, and axis limitations. Within 

this framework, the concept of collaborative operation is introduced, describing a 

condition in which a robot specifically designed for collaboration works directly 

alongside a human operator in a shared workspace. ISO 10218-2 broadens the 

perspective by focusing on the integration of robotic systems. It establishes 

criteria for risk assessment, installation, commissioning, and the protective 

measures required during programming, maintenance, and repair. In particular, it 

emphasizes the need for system design to account for the working environment, 

robot trajectories, safety devices, and interactions with other machinery. 

The publication of ISO/TS 15066:2016 marked a decisive step in the 

development of collaborative robotics, as it introduced operational guidelines and 

quantitative values for managing physical interactions between humans and 

robots. This technical specification clarifies that safety cannot rely exclusively on 

physical barriers, as in traditional robotic systems, but must instead be ensured 

through a combination of intrinsic design, advanced control systems, and 

biomechanical limitations. A central aspect of the specification is the definition of 

acceptable force and pressure thresholds for physical contact with the human 

body, differentiated by anatomical region. This allows objective parameters to be 

set within which a robot can operate without causing injury in the event of 

collision. 

The standards outline four clearly defined modes of collaborative operation, 

each with its own safety architecture and control logic. The first is the safety-rated 

monitored stop, where the operator may only access the robot’s workspace when 

the robot is fully stopped. The control system remains active, but all motion 

ceases when human presence is detected, and restart requires deliberate operator 

action. This configuration provides a high level of safety but does not enable true 

simultaneous collaboration, as human and robot alternate in their tasks. 

The second mode, hand guiding, introduces more direct interaction. Here, the 

operator physically leads the robot’s movements using a manual guidance device 

such as a teach pendant, joystick, or force-sensitive handle mounted on the robot 

arm. Safety is ensured through enabling devices with three-position switches, 

which allow motion only when deliberately engaged. Speed and force are limited 

at all times. Hand guiding is common in trajectory teaching, intuitive 
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programming, and assembly tasks where the robot is manipulated as a tool rather 

than functioning autonomously. 

A further level of collaboration is achieved with speed and separation 

monitoring (SSM). In this mode, robot and human share the same workspace, 

with safety ensured by real-time distance monitoring. The robot operates at 

maximum speed when no operator is nearby but progressively slows as the 

operator approaches, stopping entirely if a minimum safety distance is breached. 

Implementing SSM requires advanced sensors such as laser scanners, depth 

cameras, and certified vision systems. This mode reduces downtime compared to 

a monitored stop but still does not enable full interaction, as human and robot may 

work simultaneously in the same area but not on the same object. 

The power and force limiting (PFL) mode allows continuous physical contact 

between robot and operator. Robots designed for PFL incorporate intrinsic safety 

features such as torque-limited joints, rounded edges, lightweight structures, and 

real-time force monitoring. ISO/TS 15066 establishes precise quantitative 

thresholds for acceptable forces, pressures, and kinetic energies on different 

regions of the human body, distinguishing between quasi-static contacts, where an 

operator may become trapped, and transient contacts, where the body can 

naturally withdraw from the impact. PFL thus embodies the core principle of 

collaborative robotics, enabling genuine simultaneous cooperation between 

human and machine. However, this capability comes at the expense of robot 

performance, as speed and payload must remain within the biomechanical limits 

defined by the standard. Unlike other modes, PFL relies on the robot’s intrinsic 

design rather than active environmental monitoring, which means it ensures 

baseline safety but lacks adaptability to varying operational contexts. As a result, 

while PFL makes collaboration physically possible, it does so by trading 

flexibility and efficiency for guaranteed compliance with safety constraints. 

Taken together, the four modes illustrate a progression from conservative 

protective solutions, such as monitored stops, to advanced and immersive 

collaboration based on force and power limitation. Each mode is suitable for 

specific applications, and the choice depends on risk assessment, task 

requirements, and robot design. Importantly, operator safety is not achieved 

through a single measure but through a multilayered approach combining intrinsic 

design, protective devices, redundant control systems, and continuous validation. 

In conclusion, ISO 10218 and ISO/TS 15066 form the essential foundation for 

the safe design and implementation of collaborative applications. However, 

regulatory compliance is a necessary but not sufficient condition for effectiveness 

in industrial contexts. The true value of collaborative robotics will depend on the 

ability of control systems to move beyond strict compliance, incorporating 

adaptive logic that can dynamically select the most appropriate mode of 

collaboration. At the same time, advances in perception and human–machine 

interfaces will be crucial to ensure that robots correctly interpret operator 

intentions and respond with predictable, coherent behaviors. Only through this 

synergy between normative frameworks, advanced control technologies, and 
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human-centered perception can collaborative robotics achieve its promise of 

improving productivity while preserving safety and quality of work. 

ISO 10218 update 2025 

The ISO 10218:2025 “Robotics — Safety requirements” standard represents a 

significant update to the regulatory framework for industrial and collaborative 

robotics. One of the most notable changes is the integration of the technical 

specification ISO/TS 15066, whose guidelines are no longer voluntary but now 

form binding requirements. The 2025 revision also reorganizes and clarifies the 

concepts surrounding collaborative robotics. In particular, the term collaborative 

robot has been removed, as it was considered misleading, and replaced with the 

broader notion of robotic application. This shift emphasizes that collaboration is 

not an intrinsic property of the robot itself but rather a characteristic of the overall 

application, which may rely on multiple systems working together to ensure safety 

and effective cooperation. 

Risk assessment requirements have also been expanded and now explicitly 

mandate consideration of different interaction types, distinguishing between 

intentional and accidental contacts through structured methodologies. The revised 

standard introduces dedicated sections on the design of collaborative layouts, the 

prevention of entrapment, and the limitation of movements within shared 

workspaces. In addition, it formalizes requirements for certified safety functions 

capable of dynamically managing parameters such as speed, acceleration, force, 

and power. Another important innovation is the introduction of the principle of 

safe transition between collaborative and non-collaborative modes, which must be 

governed by validated control functions. 

Cybersecurity is given a prominent role in the 2025 update. In collaborative 

scenarios, the ability to manipulate safety parameters remotely presents critical 

risks, making robust cyber-protection mechanisms a necessary component of 

compliance. The revision also recognizes the increasing prevalence of multi-robot 

cells and applications involving multiple operators, extending the scope of 

collaboration to more complex and dynamic industrial environments. 

Furthermore, ISO 10218:2025 introduces a new classification system for robots, 

dividing them into two distinct classes (Class I and Class II), each with 

differentiated safety requirements. To be designated as a Class I robot, 

compliance must be demonstrated through a specific validation test.  

Overall, the 2025 revision shifts the focus of the standard from the mere safe 

coexistence of humans and robots to a more integrated vision of collaborative 

applications, in which operators and robotic systems share tasks within 

dynamically managed workspaces. By formalising requirements for adaptive 

safety functions, multi-robot layouts, cybersecurity, and structured treatment of 

intentional and unintentional contacts, ISO 10218:2025 explicitly supports 

scenarios where robots are aware of, and responsive to, human presence rather 

than simply constrained by it. The methods developed in this work, from upper-

limb motion tracking and abrupt-movement detection to reinforcement learning–
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based path planning, are aligned with this evolution, as they address key enabling 

technologies for context-aware, adaptive, and user-centred collaboration. In this 

sense, the proposed framework contributes to make in practice the new standard’s 

principles, with the broader goal of enhancing the quality, intuitiveness, and safety 

of human–machine interaction in industrial environments. 
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Chapter 2 

State of the Art 

2.1 Human robot collaboration 

Human–robot collaboration (HRC) describes all those situations in which 

robots and human operators are no longer separated by physical barriers but 

instead share the same workspace. In this context, direct physical contact between 

human and robot is possible and, in some cases, even necessary. It is important to 

emphasize, however, that the presence of a collaborative robot does not by itself 

guarantee meaningful collaboration. Different forms of interaction can be 

distinguished according to the degree of integration between the two agents, 

ranging from minimal coexistence to highly reactive cooperation [4]. 

At the lowest level, coexistence occurs when the human and the robot operate 

Requirement 

for internal 

safety features 

and external 

sensors 

Level of collaboration 

Figure 3 Level of collaboration in human robot interaction. [4] 
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in parallel but in distinct areas of the workspace, without overlapping tasks. A 

more integrated form, known as sequential collaboration, emerges when both 

share the same workspace but alternate their interventions on the task, with the 

robot and the operator acting at different times. Cooperation represents a further 

step, where human and robot work simultaneously on the same object, requiring 

higher synchronization and mutual awareness. The most advanced mode is 

reactive collaboration, in which the robot continuously interprets the operator’s 

actions and intentions and adapts its behavior in real time. These categories, 

summarized in Figure 3, provide a conceptual framework to classify collaborative 

scenarios. 

As the degree of collaboration increases, the requirements imposed on the 

robot also become more demanding. At basic levels, such as coexistence, it is 

generally sufficient to comply with established safety standards, which ensure that 

the system remains safe even in the event of physical contact. As collaboration 

evolves towards cooperation and reactivity, however, robots must integrate 

advanced sensing and cognitive abilities in order to perceive their environment, 

interpret human behaviors, and respond effectively. 

Perception constitutes the first layer of these capabilities. Robots rely on a 

variety of sensors to capture information from their surroundings: monocular and 

stereo cameras are the most common, but complementary technologies such as 

LiDAR, ultrasonic devices, inertial measurement units, capacitive systems, and 

tactile sensors designed as artificial skins are increasingly adopted. These sensors 

enable the robot to detect the presence and position of objects, monitor the 

operator’s location, and track human motion patterns. 

Yet perception alone is not enough. For effective collaboration, sensory data 

must be transformed into meaningful understanding through cognitive processes. 

In structured environments with limited variability, this can be achieved through 

deterministic approaches, such as finite state machines or optimization algorithms 

that map predefined stimuli to robot actions. In more dynamic and uncertain 

contexts, however, the limitations of these approaches become evident, and more 

sophisticated methods are required. Neural networks and other artificial 

intelligence techniques allow robots to learn from data and to generalize to new 

situations, thereby supporting flexible and adaptive behaviors. The recent 

development of large language models has further expanded the potential of 

machine cognition, enhancing the robot’s ability to interpret context, infer 

operator intentions, and handle increasingly complex interactions. 

Concrete examples illustrate how the balance between perception and 

cognition depends on the collaboration level. In coexistence, simple solutions 

such as proximity sensors that halt or slow the robot when a human enters its 

working area are usually sufficient. In sequential collaboration, the robot must be 

able to recognize the different phases of a process and adapt to variations 

introduced by the operator, but without the need to interpret every single human 

action. In cooperative or reactive modes, by contrast, the robot must continuously 

monitor, interpret, and adapt to human movements and intentions. Without these 
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abilities, collaboration risks becoming ineffective or even counterproductive, 

potentially hindering rather than supporting the operator’s performance. 

The following chapters will explore in greater depth the sensing modalities 

used in collaborative robotics and the computational frameworks that enable 

robots to interpret and respond to complex human behaviors in shared 

workspaces. 

2.2 Perception and Cognition 

Effective human–robot collaboration relies fundamentally on perception. A 

robot cannot collaborate safely or efficiently without the ability to sense and 

interpret its environment [5]. Perception provides the basis for spatial awareness, 

recognition of human presence, monitoring of movements and gestures, and 

detection of objects and obstacles. It is therefore not only a prerequisite for 

ensuring safety, but also a key enabler of adaptability, contextual understanding, 

and the anticipation of human intentions [6].  

A wide variety of sensors have been developed and deployed to equip robots 

with these perceptual capabilities. In the context of HRC, the main categories 

include optical sensors, inertial (motion-based) sensors, acoustic sensors, tactile 

sensors, and bionic sensors [6, 7], Figure 4. Within each category, multiple 

technologies exist that share the same physical principle but differ in terms of 

resolution, range, robustness, and integration complexity. No single type of sensor 

can capture the full richness of a collaborative workspace. Each has strengths and 

limitations depending on the application. Optical systems, for example, are well 

suited for human pose estimation and object recognition, but they may be 

sensitive to occlusions and lighting. Inertial sensors are robust and lightweight, 

but they typically require fusion with other modalities to achieve accurate spatial 

tracking. Tactile and capacitive sensors provide local, high-fidelity information 

about physical interaction, but cannot describe the global environment. For this 

reason, HRC applications often rely on multimodal perception, combining 

different sensors to obtain a more complete and reliable representation of the 

shared workspace [6, 8, 9]. The following sections will examine these sensor 

categories in detail, discussing their technical characteristics and typical 

applications in collaborative robotics. Each subsection will also highlight recent 

Figure 4 Sensor taxonomy employed in HMI 
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research contributions and case studies, illustrating how these technologies 

support different levels of human–robot collaboration. 

 Optical-based sensor 

Optical sensors represent the broadest and most widely adopted class of 

sensing technologies in collaborative robotics [5]. This category encompasses a 

wide range of devices, including monocular, stereo, RGB-D, and event-based 

cameras, as well as active-light systems such as Light Detection and Ranging 

(LiDAR), infrared sensors, and laser range finders. Their applications extend from 

simple presence or proximity detection to complex three-dimensional 

reconstructions of the environment. Among these, cameras remain the most 

frequently used in HRC, as they provide rich visual information that supports 

detailed representations of the shared workspace [10]. Data from cameras have 

enabled the development of numerous algorithms for tracking, recognition, and 

3D reconstruction. The main limitations of optical sensors include susceptibility 

to occlusions, sensitivity to ambient lighting conditions, and the large amount of 

data generated, which requires significant computational resources compared with 

other sensing modalities. Figure 5 shows the different optical-based sensing 

modalities together with representative references in which each technology is 

employed. 

RGB cameras, in particular, detect visible light using a lens to focus radiation 

onto an optical sensor, typically based on a CMOS array with color filters. The 

resulting output is a two-dimensional color image of the observed environment. 

Key performance parameters are resolution and frame rate. Higher resolution 

increases spatial detail but also computational load, while higher frame rate 

improves temporal resolution and reduces motion blur at the cost of greater data 

throughput. The choice of camera properties therefore depends strongly on the 

Figure 5 Classification of the optical-based sensing approaches employed in human–robot 

interaction, the numbers in the circles indicate the corresponding references in the bibliography 
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application context: for example, high-resolution sensors are preferable for object 

recognition and scene mapping, whereas high frame rates are more critical for 

dynamic tasks such as gesture recognition or collision avoidance. [11–13] 

RGB-D cameras are optical sensors capable of simultaneously capturing both 

color information and depth data, making them one of the most versatile devices 

for human–robot collaboration. An RGB-D system combines a traditional RGB 

camera with a depth-sensing unit, which can be based on structured light or time-

of-flight (ToF). The RGB module acquires a standard color image, while the 

depth module provides per-pixel distance measurements, generating a 3D point 

cloud aligned with the visual scene. This fusion enables the robot to perceive not 

only the appearance of objects but also their spatial geometry and relative position 

in the environment. Typical performance parameters include depth resolution, 

maximum operating range, field of view, and frame rate, all of which influence 

accuracy and applicability. RGB-D cameras are widely used for human detection, 

gesture recognition, workspace mapping, object tracking, and collision avoidance. 

In human-tracking applications, RGB-D cameras are commonly used within a 

perception pipeline that combines dense visual and depth information to 

reconstruct the spatial configuration of the operator. A typical pipeline starts with 

the synchronized acquisition of RGB and depth frames, followed by intrinsic and 

extrinsic calibration, RGB-depth registration, depth filtering, hole filling, and 

temporal smoothing. These preliminary stages are necessary because the raw 

depth map is affected by measurement noise, missing values, and distance-

dependent uncertainty. The human body is then extracted from the scene through 

background subtraction, depth-based segmentation, point-cloud clustering, or 

learning-based person detection. Once the operator has been isolated, anatomical 

landmarks are estimated either by a vendor-specific body-tracking SDK or by a 

dedicated pose-estimation network. In many implementations, 2D keypoints are 

first detected in the image plane and then projected into three-dimensional space 

using the corresponding depth values and the intrinsic parameters of the camera. 

The resulting joint positions are finally refined through skeleton fitting, 

biomechanical constraints, and temporal filtering in order to reduce jitter, 

compensate for temporary missing detections, and enforce plausible limb 

configurations. 

The execution of this pipeline requires several conditions to be satisfied. The 

operator must remain sufficiently visible within the field of view, the depth map 

must provide reliable measurements in correspondence with the relevant body 

segments, and the computational platform must be able to process dense RGB-D 

frames together with the pose-estimation and filtering algorithms. These 

requirements are particularly important when tracking the upper limb, where self-

occlusions, fast motions, and partial visibility of the elbow and wrist can strongly 

affect the reliability of the reconstructed skeleton. In controlled conditions, RGB-

D systems can achieve centimetre-level tracking accuracy, with multi-camera 

approaches reporting upper-limb errors of approximately 5 cm [14], while single-

camera or more challenging dynamic configurations often lead to errors in the 

range of approximately 8–18 cm for body keypoints [15, 16]. From a temporal 
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perspective, RGB-D systems are generally compatible with real-time operation, 

but their effective update rate is commonly constrained by the frame-based 

acquisition paradigm and by the computational cost of the tracking pipeline. 

Although some RGB-D sensors can acquire depth data at higher rates depending 

on the selected resolution and operating mode, many human-tracking 

implementations operate at approximately 30 Hz, which is also the typical frame 

rate adopted by several Kinect, Azure Kinect, and Intel RealSense-based studies 

[15–18]. More complex pipelines, especially those relying on deep learning 

models, multi-camera fusion, or full-body model fitting, may require GPU 

acceleration to maintain real-time performance. Consequently, RGB-D-based 

systems are well suited for many monitoring and interaction tasks, but their 

responsiveness is ultimately limited by the need to acquire and process complete 

image and depth frames at each time step. From an economic point of view, RGB-

D cameras represent a mature and commercially available technology. Devices 

such as Intel RealSense, Azure Kinect-derived sensors, Orbbec cameras, and 

similar mass-market depth cameras are widely accessible, relatively compact, and 

available at competitive prices compared with high-end motion-capture systems 

or scientific event-based cameras. Nevertheless, in human–robot collaboration, 

some limitations must be considered. RGB-D tracking is sensitive to occlusions, 

unfavorable viewpoints, reflective or transparent surfaces, distance-dependent 

depth degradation, and interference between multiple active depth sensors. 

Furthermore, the dense nature of RGB-D data introduces a non-negligible 

computational cost. These aspects can reduce tracking reliability and increase 

latency in dynamic collaborative workspaces, where the perception system must 

promptly react to human movements. 

However, limitations include sensitivity to ambient light conditions, reduced 

accuracy at longer ranges, and performance degradation in the presence of 

reflective or transparent surfaces. 

Event cameras, also referred to as Dynamic Vision Sensors (DVS), represent 

a class of bio-inspired visual sensors whose operating paradigm fundamentally 

differs from that of conventional frame-based cameras. Rather than acquiring 

complete images at fixed sampling intervals, event cameras operate 

asynchronously and measure local temporal variations of scene illumination. This 

sensing principle is inspired by the biological visual system, where neural activity 

Figure 6 Operating principle of a Dynamic Vision Sensor (DVS). ON and OFF events are 

generated when changes in logarithmic light intensity exceed predefined contrast thresholds, with the 

reference level reset after each event to enable continuous asynchronous sensing [19]. 
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is triggered primarily by changes in visual stimuli rather than by static intensity 

levels. Each pixel in an event camera functions independently and continuously 

monitors the logarithmic intensity of the incoming light. An event is generated 

whenever the accumulated change in log-intensity exceeds a predefined contrast 

threshold. This mechanism is illustrated in Figure 6, which depicts how variations 

in the logarithmic light intensity over time lead to the generation of discrete 

events. When the change reaches a positive threshold, an ON event is produced, 

indicating an increase in brightness; conversely, when the negative threshold is 

crossed, an OFF event is generated, corresponding to a decrease in brightness. 

After an event is triggered, the internal reference level of the pixel is reset, 

allowing it to respond to subsequent intensity variations [19].  

This threshold-based operation implies that event cameras do not encode 

absolute brightness values but instead respond exclusively to temporal contrast 

changes. As a result, pixels observing static regions of the scene remain silent, 

while dynamic edges, motion boundaries, and flickering patterns naturally 

generate activity. The asynchronous and event-driven nature of the sensor allows 

each pixel to react immediately to changes in the visual stimulus, without being 

constrained by a global exposure time or readout cycle 

The output of an event camera is therefore not a sequence of images, but a 

stream of discrete events ordered in time, how it is illustrated in Figure 7b-d. Each 

event is commonly represented as a tuple 𝑒𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑡𝑖, 𝑝𝑖), where (𝑥𝑖, 𝑦𝑖) 

denotes the spatial coordinates of the pixel, 𝑡𝑖 is a high-resolution timestamp, 

typically with microsecond precision, and 𝑝𝑖 ∈ {+1, −1} denotes the polarity of 

Figure 7 Examples of event-based representations. (a) Accumulated event frame over a 33 ms 

time window [21]. (b) Comparison between conventional frame-based output and event camera output 

for a rotating stimulus as spatio-temporal representation (red: ON events, blue: OFF events) [22]. (c) 

Event-based representation with a fixed event count during a pick-and-place task (green: ON, red: 

OFF) [23]. (d) Comparison between a standard image and an accumulated event frame, where color 

encodes event age (red: recent events, blue: older events). 

a) b)

c)

d)
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the event, corresponding to ON or OFF transitions. This representation inherently 

couples spatial and temporal information, providing a fine-grained description of 

scene dynamics [20]. 

A natural way to interpret event data is through a space–time representation, 

in which events are embedded in a three-dimensional domain defined by spatial 

coordinates and time. As illustrated in Figure 7b, a moving stimulus generates 

structured spatio-temporal patterns, often appearing as continuous trajectories in 

the (𝑥, 𝑦, 𝑡) space. In this representation, motion is implicitly encoded in the 

temporal ordering of events, without requiring explicit frame differencing or 

optical flow computation. [21–23] 

Although event cameras are not designed to produce images, event streams 

can be projected into image-like representations for visualization or algorithmic 

convenience. A common approach consists in accumulating events over a short 

temporal window, typically on the order of a few milliseconds, to generate event 

frames or event count images. In these representations, pixel values reflect the 

number of events or the balance between ON and OFF polarities observed within 

the selected time interval. Figure 7c shows an example of such a reconstruction, 

where the contours of objects and their motion patterns emerge clearly despite the 

sparse nature of the data. A representation closer to conventional image-based 

vision can be obtained by accumulating events over a finite temporal window and 

assigning each pixel an intensity value proportional to the number of events 

generated at that location within the selected interval modulated by a time-

dependent decay factor. This approach enables the reconstruction of visually 

interpretable scene representations, in which object contours and structural details 

become clearly distinguishable, as illustrated in Figure 7a. 

While conventional cameras uniformly sample the visual scene in time, event 

cameras provide a sparse, asynchronous, and temporally precise description of 

visual changes. This sensing paradigm enables extremely low latency, high 

temporal resolution, and efficient data usage, laying the foundation for robust 

perception in highly dynamic environments. These properties are especially 

relevant for robotic applications involving fast motion, continuous interaction, and 

real-time decision-making, which are further discussed in the following sections. 

Overall, event cameras introduce a paradigm shift in visual sensing, offering a 

efficient, and temporally precise alternative to conventional frame-based vision 

[20].  

LiDAR sensors are active optical systems that estimate the geometry of the 

environment by emitting laser pulses (or modulated beams) and measuring the 

time required for the reflected signal to return to the receiver. This principle 

enables the construction of dense three-dimensional point clouds that describe the 

spatial arrangement of objects with high precision. The performance of a LiDAR 

system is determined by several key parameters. The operating range defines both 

the minimum and maximum distances at which objects can be detected, typically 

extending from a few centimeters up to several hundred meters depending on the 

device. The angular resolution specifies the smallest angular separation between 
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distinguishable objects, with values between 0.1° and 0.5° being common in 

robotic and industrial applications. The field of view describes the angular 

coverage of the sensor; while many systems offer 360° in the horizontal plane, the 

vertical coverage varies considerably and strongly influences the completeness of 

the environmental model. The scan rate and point density indicate how many 

points per second are acquired and how frequently the environment is updated, 

directly impacting both accuracy and computational requirements. Finally, 

accuracy and precision quantify the deviation between the measured and true 

distance, with typical errors ranging from a few millimeters to several centimeters 

depending on target reflectivity and environmental conditions. In collaborative 

robotics, LiDAR sensors are widely employed for workspace mapping, obstacle 

detection, human tracking, and as complementary sources in multimodal sensor 

fusion frameworks. Their ability to provide accurate global information makes 

them valuable in ensuring safety and adaptability, particularly in tasks where 

continuous monitoring of human presence is required. Nevertheless, several 

limitations must be acknowledged. LiDAR performance degrades in the presence 

of dust and reflective or transparent surfaces often introduce measurement errors 

or signal loss. Moreover, the generation and processing of dense point clouds 

impose significant computational, and bandwidth demands, potentially increasing 

latency in real-time applications.  

Optical sensors have enabled the development of a wide range of data 

processing algorithms for contextual understanding in human–machine 

interaction. Significant efforts have been directed toward human detection and 

pose estimation, as locating and identifying the human operator represents the first 

step in interpreting intentions. One of the earliest approaches to detect humans 

was face detection [24–29], followed by color segmentation. Face detection 

enables the identification and localization of human faces within an image or 

video stream. One of the most established approaches relies on the extraction of 

discriminative features, such as intensity contrasts between bright and dark 

regions corresponding to the eyes, nose, and mouth. These features are then 

processed by classification algorithms, most notably the Viola–Jones detector 

[24], to determine the presence of a face. More recent methods employ 

convolutional neural networks (CNNs), which automatically learn relevant 

features and achieve greater robustness to variations in illumination, pose, and 

scale. These techniques are primarily applied to RGB images, while in systems 

based on RGB-D sensors, depth information is often integrated to improve 

detection accuracy and reduce false positives. Segmentation is a fundamental 

technique in robotic vision systems used to separate regions of interest, such as a 

person’s body or hands, from the background. In optical sensing applications, this 

process can be implemented using RGB cameras, where color thresholds in HSV 

or YCrCb spaces are applied to detect skin tones or colored objects. Although 

color-based segmentation is computationally efficient and conceptually simple, it 

remains highly sensitive to illumination changes and chromatic variability across 

individuals or environments. For this reason, it is often combined with depth cues 

or morphological operations to achieve more robust performance in HRC 
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scenarios. Several studies in the field of human–robot collaboration have 

employed the color segmentation approach [30–34]. Machine learning-based 

methods have also become increasingly prevalent in Human machine interaction 

(HMI) and HRC applications. Region-based Convolutional Neural Networks (R-

CNN) [35] and Single Shot Detectors (SSD) [36] are commonly employed to 

directly localize regions of interest such as the face, hands, or eyes within an 

image. R-CNN methods perform object detection through a two-stage process, 

first generating region proposals and then classifying each region, achieving high 

accuracy at the cost of computational complexity. In contrast, SSD frameworks 

use a single-stage architecture that predicts object locations and classes 

simultaneously, allowing real-time performance with slightly reduced precision. 

Both approaches have been widely adopted in various human detection and 

gesture recognition systems [37, 38]. Deep Learning is also commonly adopted in 

human pose estimation, the most employed networks are Convolution Pose 

Machines [39] and OpenPose [40]. These networks extract keypoints and 

skeletons from 2D images reconstructing the pose of one or multiple people in a 

frame. Human motion tracking represents a further development in visual 

perception for HRI and HRC, enabling continuous monitoring of human 

movement over time rather than isolated detection or pose estimation. While pose 

estimation identifies the instantaneous configuration of the body, motion tracking 

associates these configurations across frames to infer trajectories and dynamic 

behavior. Techniques commonly used include Kalman filters [37, 41], particle 

filters [42], optical flow [43] and visual SLAM (Simultaneous Localization and 

Mapping) [44] approaches, which integrate temporal and spatial cues to maintain 

consistent identification of human targets. In RGB and RGB-D applications, these 

algorithms often combine visual and depth data to improve robustness against 

occlusions and illumination changes. Recent implementations also integrate deep 

learning-based tracking with probabilistic models [45, 46], achieving reliable 

prediction of human motion paths in collaborative workspaces. This capability 

allows robots to anticipate human trajectories, optimize task sharing, and ensure 

safety during close-proximity interaction. Another application enabled from visual 

system is social classification. Social classification extends visual perception 

beyond physical detection to the interpretation of human affective and social 

states. In HRC, this process involves analyzing cues such as facial expressions, 

gaze direction, body posture, and head orientation to infer emotional conditions, 

engagement, and intention to interact. Techniques range from feature-based 

classifiers, using descriptors like Gabor filters or histogram of oriented gradients, 

to deep neural networks capable of learning multimodal representations from 

visual and audio data. More advanced models, including CNNs and RNNs trained 

on affective datasets, enable robots to adapt behavior dynamically by recognizing 

user states such as satisfaction, hesitation, or focus 
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Motion-based sensors 

Motion sensors constitute a broad class of devices designed to detect and 

quantify movement. In the context of human–robot collaboration, they are 

primarily used for motion tracking, gesture recognition, and operator localization 

[47]. The most common types include accelerometers, gyroscopes, and 

magnetometers, which together form the core of inertial measurement units 

(IMUs). 

Accelerometers measure the linear acceleration of the body to which they are 

attached. The most widely adopted accelerometers in robotics are based on micro-

electromechanical systems (MEMS) technology, owing to their compact size, low 

cost, and low power consumption. Their operating principle relies on a proof mass 

connected to a fixed frame by elastic elements, typically modeled as springs. 

When an external acceleration is applied along the sensor’s sensitive axis, the 

mass is displaced proportionally to the magnitude of the acceleration. This 

displacement is converted into an electrical signal, most commonly through 

capacitive sensing, allowing the acceleration to be measured with high precision. 

 Gyroscopes, on the other hand, measure the angular velocity of a body 

around a defined sensitive axis. MEMS gyroscopes operate based on the Coriolis 

effect, which arises when a moving mass experiences a force proportional to its 

velocity and the applied angular rate. Structurally, a MEMS gyroscope consists of 

a proof mass suspended by springs that allow motion along two orthogonal 

Figure 8 MEMS accelerometers design 

Figure 9 Gyroscope MEMS architectures [48] 

Sensitive axisMass
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directions. A controlled oscillation with fixed amplitude and frequency is applied 

along one of these axes, known as the drive axis. When the sensor undergoes 

angular rotation, the Coriolis force acts on the moving mass, inducing a secondary 

oscillation along the orthogonal direction, referred to as the sense axis. This 

motion is then detected and is proportional to the angular velocity applied to the 

sensor. The simplest schematic of MEMS structure is depicted in Figure 9. [48]  

Magnetometers are sensors designed to measure magnetic fields and their 

variations over time. Several technologies exist, but in collaborative robotics, the 

most commonly used are MEMS-based Hall-effect magnetometers. These devices 

exploit the Lorentz force acting on moving charge carriers within a conductor to 

determine both the direction and polarity of the magnetic field. In practical 

applications, magnetometers are often employed to detect the Earth’s magnetic 

field, providing a global reference for orientation when combined with 

accelerometers and gyroscopes in an IMU. However, in industrial environments, 

their use is limited because the presence of metallic structures and motorized 

machinery distorts the local magnetic field, preventing the magnetometer from 

serving as a reliable global reference.  

Inertial sensors are typically used in combination to form an Inertial 

Measurement Unit. A 6-DoF IMU consists of a three-axis accelerometer and a 

three-axis gyroscope, while a 9-DoF IMU also integrates a three-axis 

magnetometer, the latter can be also identified as Magnetic-Inertial Measurement 

Unit, MIMU. These systems provide real-time measurements of a body’s linear 

acceleration and angular velocity, from which velocity, position, and spatial 

orientation can be estimated. The fusion of signals from the individual sensors, 

commonly performed through algorithms such as Kalman or complementary 

filters, enables a consistent and stable estimation of motion states. However, due 

to noise and integration drift, IMUs are prone to cumulative errors over time and 

are often combined with external references, such as optical or magnetic sensors, 

to improve accuracy [49]. 

Within the domain of collaborative robotics, IMUs are increasingly employed 

to enhance human–robot interaction due to their compactness, low weight, high 

sampling frequency, reduced data throughput, and high operator acceptability. 

These wearable sensors enable precise acquisition of acceleration and angular 

velocity data, thus supporting accurate human motion analysis even in complex 

industrial environments, free from the spatial and lighting constraints typical of 

optical motion capture systems [50]. 

IMU-based algorithms in human–robot collaboration can be broadly classified 

according to their functional objective, ranging from low-level state estimation to 

high-level gesture recognition and intention prediction. 

At the most fundamental level, orientation and motion state estimation is 

addressed through quaternion-based representations combined with kinematic 

models of the human body or limbs. These approaches rely on the fusion of 

accelerometer and gyroscope data to estimate orientation and angular motion, 

while mitigating sensor noise and integration drift. Probabilistic filtering 

techniques, such as Kalman filters and particle filters, are widely adopted for this 
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purpose, providing statistically optimal estimates under uncertainty and enabling 

real-time performance in wearable and robotic systems [47, 49, 51–53]. 

Probabilistic filtering addresses the problem of estimating the state of a 

system from a sequence of time-varying measurements affected by statistical 

noise and modeling inaccuracies. Both the system inputs and the sensor 

observations contribute information about the system dynamics, while 

simultaneously introducing uncertainty due to process noise and measurement 

errors. These filters combine these two sources of information through a recursive 

procedure composed of two main steps. In the prediction (or estimation) step, the 

system state at the current time instant is inferred from the state estimate at the 

previous time step using a model of the system dynamics. In the subsequent 

update step, this predicted state is corrected by incorporating new sensor 

measurements, yielding an improved and statistically consistent estimate of the 

current system state [47]. Other approaches rely on the integration of kinematic 

information to directly estimate the orientation and position of the sensors [47, 

52]. In human motion tracking, the measurements provided by IMUs are often 

integrated with a kinematic model of the human body in order to refine the 

estimation of sensor orientation and position. The kinematic constraints associated 

with the body segments to which the sensors are attached are exploited to enforce 

biomechanical consistency and reduce estimation errors [47]. 

Beyond state estimation, IMU-based sensing has been extensively employed 

for gesture recognition and motion prediction, which are essential for 

understanding human intent in collaborative tasks. Early machine learning 

approaches, such as Linear Discriminant Analysis (LDA), have demonstrated 

strong performance in classifying structured industrial motions, including pick-

and-place actions of the upper limbs, with recognition rates exceeding 95% [54]. 

LDA is a supervised learning technique used for classification, which searches for 

a linear projection of the data that maximizes class separability under the 

assumption of Gaussian class distributions with shared covariance. More recently, 

deep learning techniques have gained prominence. Long Short-Term Memory 

(LSTM) networks have been used to capture temporal dependencies in motion 

sequences, while Convolutional Neural Networks (CNNs) have shown high 

accuracy in extracting discriminative features from inertial signals [55–57]. 

Transferable CNN architectures trained on wrist-mounted IMU data, for instance, 

have achieved recognition accuracies of up to 99.4% across multiple gesture 

classes [55]. 
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Figure 10 Different application with IMUs sensors, a) Pose estimation of human upper limb [53], 

 b) gesture recognition with CNN Network [55], c) User identification and human tracking [51], 

 d) Human arm predicting motion with LSTM [57]. 
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Acoustic sensors 

Acoustic sensors are devices designed to capture sound waves. Various types 

exist, but the most common in HMI applications are capacitive microphones. 

These sensors convert variations in air pressure into electrical signals. Their most 

widespread application is speech recognition; however, they have also been 

employed for object or body-part localization [7, 8] and for monitoring muscle 

fatigue [58]. Through these sensors, it becomes possible to use natural language to 

interact directly with robots, thereby improving both the efficiency and 

intuitiveness of collaboration. 

From an algorithmic standpoint, acoustic perception relies on a combination 

of signal processing, machine learning, and deep learning techniques to extract 

and classify sound features. Traditional approaches such as Mel-Frequency 

Cepstral Coefficients (MFCCs), Fast Fourier Transform (FFT), and Linear 

Predictive Coding (LPC) are commonly used to preprocess sound data and to 

represent acoustic signatures in a compact spectral form suitable for machine 

learning. Based on these representations, algorithms including Hidden Markov 

Models (HMMs), Gaussian Mixture Models (GMMs), and Dynamic Time 

Warping (DTW) have historically been applied to speech segmentation and 

recognition tasks. More recently, deep neural networks (DNNs), convolutional 

neural networks (CNNs), and recurrent neural networks (RNNs) have largely 

replaced classical models in industrial applications due to their superior capacity 

to generalize from complex and noisy datasets [8]. 

Several studies have exploited acoustic information to directly command 

robots to perform specific actions [59–62]. Other works have focused on 

interpreting the speaker’s emotional state or the intention to interact [63, 64]. 

Some studies have also addressed speaker localization using acoustic sensor 

arrays [65]. Although this form of localization is minimally invasive and natural, 

its accuracy remains lower than that of other sensing technologies [8]. 

 

Tactile sensors 

Tactile sensors provide fundamental information about pressure, force, 

vibration, texture, and temperature, all of which are essential for dexterous robotic 

manipulation and for establishing effective HMI. In recent years, remarkable 

progress has been achieved thanks to advances in flexible materials, micro–

electro–mechanical systems, and nanofabrication techniques. These developments 

have allowed the realization of sensors that are lightweight, highly sensitive, and 

mechanically compliant, capable of adapting to curved or deformable surfaces and 

mimicking the properties of human skin [66–68]. 

Among the various tactile sensing technologies, resistive, capacitive, 

piezoelectric, and triboelectric sensors are the most widely employed. Resistive 

tactile sensors operate by converting mechanical deformation into a change in 

electrical resistance. They are commonly made of conductive elastomers or 
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nanocomposite materials such as graphene, carbon nanotubes, or conductive 

polymers embedded in flexible matrices like polydimethylsiloxane (PDMS). 

These sensors combine simplicity and low cost with high sensitivity and broad 

dynamic range, although they often suffer from hysteresis and thermal instability. 

Capacitive tactile sensors, instead, detect changes in capacitance between two 

electrodes separated by a deformable dielectric layer. Microstructuring of the 

dielectric, by introducing domes, pyramids, or porous geometries, significantly 

increases sensitivity and enables decoupling of normal and tangential forces. Such 

devices are characterized by low power consumption, excellent repeatability, and 

compatibility with CMOS integration, which allows the creation of high-density 

tactile arrays with spatial resolutions on the order of millimeters [66]. 

Piezoelectric sensors exploit the electric potential generated by certain 

crystalline materials, such as ZnO, PZT, or PVDF, when subjected to mechanical 

stress. These sensors are self-powered and particularly suitable for dynamic signal 

detection, including vibrations and transient contacts, although they are less 

effective for static load measurement. Triboelectric sensors share the property of 

self-sufficiency but rely on the contact and separation of materials with different 

triboelectric polarities to generate electrical signals. Their inherent capability to 

sense both contact and proximity makes them especially attractive for energy-

autonomous wearable systems and artificial electronic skins. Other types, 

including optical and magnetic sensors, have also found applications in tactile 

sensing. Optical devices use variations in light intensity or interference patterns to 

measure deformation, offering immunity to electromagnetic interference and very 

high resolution. Magnetic sensors, based on the Hall effect or giant 

magnetoresistance, enable non-contact detection of forces and three-axis 

decoupling. More recently, hybrid tactile systems have emerged that combine 

multiple sensing principles, capacitive, resistive, and piezoelectric, within a single 

platform, allowing simultaneous measurement of pressure, temperature, and strain 

while improving robustness and accuracy [67]. 

The information generated by tactile sensors is inherently complex, often 

consisting of high-dimensional, nonlinear, and noisy data streams. To extract 

meaningful information, a series of signal interpretation algorithms is required, 

ranging from classical signal processing techniques to advanced artificial 

intelligence approaches. At the preprocessing level, filtering and normalization 

are essential to remove noise and drift. Temporal and frequency-domain analyses, 

often employing Fast Fourier Transform or Discrete Wavelet Transform, are used 

to identify characteristic patterns associated with slip detection, texture 

recognition, or dynamic contact events [67]. Dimensionality reduction techniques 

such as Principal Component Analysis and Linear Discriminant Analysis simplify 

the interpretation of large tactile datasets obtained from dense sensor arrays, 

improving computational efficiency and classification accuracy [68]. 

Machine learning has become a central tool in tactile signal interpretation. 

Supervised algorithms like Support Vector Machines (SVMs), Random Forests, 

and k-Nearest Neighbors (k-NN) are applied to classify materials, textures, or 

grasp states, often achieving accuracy exceeding 90%. More complex 
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spatiotemporal models, including Convolutional Neural Networks (CNNs) and 

Recurrent Neural Networks (RNNs), allow end-to-end learning from raw tactile 

sequences to infer physical properties such as object stiffness or surface curvature. 

When labeled data are not available, unsupervised learning methods such as 

clustering or self-organizing maps are used to explore novel object categories and 

tactile features. Reinforcement learning represents an emerging frontier in this 

field, where tactile feedback directly informs the optimization of control policies 

during robotic manipulation, allowing autonomous adaptation to changing contact 

conditions.  

The progress in tactile sensing technologies and algorithms has enabled a 

wide range of practical applications in HMIs and robotic perception. In the 

context of human–machine interfaces, flexible tactile sensors are being embedded 

in wearable devices such as gloves, sleeves, and soft patches to capture body 

motion, gestures. These systems enable intuitive control of prosthetic limbs, 

assistive robots, and exoskeletons. 

In robotics, tactile sensing has become indispensable for improving object 

perception and manipulation. High-resolution tactile arrays allow robots to infer 

local surface properties such as roughness, hardness, and thermal conductivity, 

while machine learning models assist in recognizing object identity and pose [67]. 

Tactile feedback enables the detection of incipient slip and the control of grasp 

stability through dynamic adaptation of grip forces. MEMS-based force and 

pressure sensors integrated into robotic fingers, palms or grippers provide tri-axial 

measurement capabilities that are essential for dexterous manipulation and 

delicate handling of fragile objects [66]. The combination of tactile sensing and 

compliant actuation has also advanced the development of soft robotics, where 

deformable manipulators equipped with distributed tactile skins can adaptively 

interact with unstructured environments. 

Biosignal sensors 

Bionic sensors enable the direct translation of human physiological or 

biomechanical activity into electrical signals that can be interpreted and acted 

upon by machines, forming an essential bridge between biological and artificial 

intelligence. Among the various types of bionic sensors, bioelectrical and 

biomechanical modalities have attracted particular attention. 

Bioelectrical sensors such as electroencephalography (EEG) and 

electromyography (EMG) are the most established technologies in this field. EEG 

sensors measure the brain’s cortical activity through electrodes positioned on the 

scalp, typically detecting low-amplitude signals in the microvolt range that 

correspond to motor imagery or cognitive intention. These signals capture the 

earliest representation of a user’s motor command before any physical motion 

occurs, making them especially valuable for applications that require anticipatory 

control or cognitive-state monitoring. EMG sensors, by contrast, detect the 

electrical potentials generated by muscle fibers during contraction. They provide a 

direct indication of the level of muscular activation and the nature of the motor 



 

25 

 

task being executed. Surface EMG (sEMG) systems, in particular, have become 

widespread due to their non-invasive nature, low cost, and suitability for wearable 

configurations [69]. 

Beyond electrical sensing, biomechanical sensors such as mechanomyography 

(MMG) and force myography (FMG), play an increasingly significant role in 

interpreting human motion. MMG and FMG detect mechanical vibrations and 

force variations associated with muscle activity. These sensors enhance robustness 

in dynamic environments where electrical biosignals may suffer from interference 

or motion artifacts [69].  

The interpretation of these biosignals relies heavily on advanced signal 

processing and machine learning algorithms. Since EEG and EMG are inherently 

non-linear, non-stationary, and subject to considerable inter-individual variability, 

their processing demands both robust feature extraction and adaptive 

classification frameworks. For EMG, time-domain features such as root mean 

square, mean absolute value, waveform length, and integrated EMG (iEMG) are 

widely used to quantify the intensity and complexity of muscle activity [70]. 

These metrics are computationally efficient and correlate strongly with muscle 

force. EEG signals, in contrast, are typically analyzed in the frequency domain 

through power spectral density, empirical mode decomposition, discrete Wavelet 

Transform, and wavelet packet decomposition [71]. 

At the classification stage, support vector machines (SVM) remain one of the 

most effective models for biosignal interpretation due to their ability to handle 

high-dimensional, non-linear feature spaces with limited training data. Fahmi et 

al. reported an accuracy of 83.5% in predicting grip force levels using an SVM 

with a Gaussian kernel [72], while Cao et al. achieved comparable results in 

discriminating left and right motor imagery using EEG data [73]. Neural network 

models have also gained prominence; backpropagation networks and multilayer 

perceptrons can learn complex mappings between biosignal features and motion 

classes, offering superior performance in multi-gesture recognition. Cao and 

colleagues demonstrated this approach in real-time hand gesture classification 

based on EMG, achieving over 93% mean accuracy [73]. More recently, 

probabilistic methods such as Gaussian process regression (GPR) have been 

introduced to estimate continuous human motion trajectories and predict future 

intentions, as in the hierarchical human–robot collaboration framework developed 

by Meng et al. [74]. The integration of these models into real-time systems has 

been supported by optimized data pipelines and low-latency communication 

architectures, ensuring that recognition and control remain synchronous with 

human actions. 

The practical applications of bionic sensors extend across several domains, 

ranging from assistive and rehabilitative robotics to industrial teleoperation and 

cognitive human–robot collaboration. In human–machine interaction, these 

sensors allow users to control robotic manipulators, prosthetic limbs, and 

exoskeletons intuitively through their own physiological activity. Cao et al. 

successfully demonstrated EEG–EMG-based control of a multi-degree-of-

freedom robotic arm over a Bluetooth interface, enabling real-time feedback and 
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remote interaction [73]. Fahmi et al. applied EMG-driven control to modulate grip 

force in a KUKA LBR iiwa manipulator, creating a bio-inspired grasping 

behavior that mimicked human hand dynamics [72]. Such interfaces are essential 

not only for physical assistance but also for ensuring safety and adaptability in 

shared workspaces where humans and robots operate in close proximity. 

In the rehabilitation context, bionic sensors provide a basis for adaptive 

therapy and motor recovery. Meng et al. demonstrated that hierarchical motion-

intention prediction can synchronize robotic assistance with user movement in 

collaborative tasks such as co-manipulation, reducing human effort and increasing 

task efficiency [74]. These findings highlight the potential of predictive biosignal 

interpretation to enable proactive robot behavior that anticipates rather than 

merely responds to user commands. Bimbraw emphasized that when latency is 

minimized and predictive algorithms are applied, robots gain a quasi-perceptual 

capability to infer and respond to user intentions in real time [75]. 

2.3 Multi-modal perception  

Multimodal perception refers to the integration of heterogeneous sensory data 

to create a coherent, redundant, and context-rich representation of the 

environment. Unlike unimodal systems, which depend on a single sensing 

principle, multimodal frameworks combine complementary inputs to overcome 

the intrinsic limitations of individual sensors [5]. In human–robot collaboration, 

this approach allows robots to perceive, interpret, and predict human behavior 

with greater accuracy and robustness, thereby enabling safe and fluid cooperation 

in dynamic industrial contexts [9]. Some examples of multimodal system is 

depicted in Figure 12. 

The foundation of multimodal perception lies in sensor fusion; the process 

through which heterogeneous data streams are aligned, combined, and interpreted 

as a single, consistent perception of the environment. Modern fusion methods 

increasingly rely on machine learning. Deep neural networks, recurrent 

architectures, and attention-based models can learn shared latent representations 

between modalities, identifying cross-domain patterns that classical rule-based 

methods cannot capture [9]. 

The shift from unimodal to multimodal perception provides both quantitative 

and qualitative advantages. The first and most evident benefit is complementarity: 

different sensors capture distinct dimensions of information, and their integration 

fills the perceptual gaps left by each individual modality [5]. A second benefit is 

redundancy, which increases fault tolerance, if one sensor fails or becomes 

unreliable, others can maintain system awareness. A third advantage lies in 

robustness to uncertainty: fusion frameworks combine data probabilistically, 

filtering out noise and measurement bias, which leads to more stable and 

trustworthy decisions [6]. Moreover, multimodal integration allows robots to 

interpret high-level phenomena such as human engagement, fatigue, or intent, 

rather than merely detecting positions or movements [8]. 
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Despite these advantages, multimodal perception introduces notable 

challenges. Synchronizing heterogeneous data streams with different sampling 

rates, resolutions, and coordinate frames remains complex. The fusion process 

demands substantial computational resources, which can limit real-time 

performance, particularly in embedded or edge-computing scenarios [6, 9]. 

Furthermore, the absence of standardized benchmarks and datasets for industrial 

collaboration makes it difficult to compare or validate fusion methods [8]. 

In recent years, however, it has become increasingly evident that, despite 

these challenges, multimodal perception is attracting significant attention within 

the research community. As reported by Wang et al. [6], the number of studies 

employing multimodal approaches has steadily increased, confirming that the 

benefits of this paradigm outweigh its current limitations. A growing number of 

works now demonstrate how sensor fusion can enhance robustness, 

interpretability, and human-centered responsiveness across different application 

domains of human–machine interaction. 

Several representative examples from the literature highlight these benefits. 

Many multimodal systems rely on a vision sensor as the primary modality, 

complemented by secondary sources that provide additional spatial or semantic 

information. For instance, Wang et al. [76] proposed a gesture recognition 

architecture that fuses visual data from a camera with deformation signals 

obtained from soft, stretchable sensors mounted on the user’s fingers. The visual 

and somatosensory data were jointly processed through neural networks, enabling 

the system to achieve substantially higher recognition accuracy than unimodal 

visual or tactile approaches alone. This example demonstrates how fusing spatial 

and proprioceptive cues can capture both external appearance and internal 

deformation during motion, leading to richer gesture representation. 

Similarly, Lee et al. [77] combined stereo vision and inertial data to 

reconstruct three-dimensional hand motion with improved robustness to occlusion 

and interference. Their visual–inertial fusion method maintained accurate tracking 

even when one modality became unreliable, such as during hand–object contact or 

Figure 11 Number of studies related to multimodal human machine -robot interaction [6] 
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partial visibility. This type of integration is particularly relevant in collaborative 

robotics, where hands and tools often move unpredictably within shared 

workspaces. 

Another field where multimodal fusion has shown remarkable improvements 

is speech recognition. Song et al. [78] developed an audio–visual speech 

recognition system based on a sparse transformer network that combines acoustic 

and lip-motion information. The fusion of audio and video streams significantly 

reduced word error rates, demonstrating that combining modalities can provide 

complementary information in noisy environments, an important feature for 

industrial or service robots operating amid background sound. 

Finally, Ngai et al. [79] explored emotion recognition using multimodal 

fusion of heterogeneous biosignals. In their study, EEG data were integrated with 

RGB or depth images using convolutional neural networks. Both combinations 

improved recognition accuracy compared to single-modality models, confirming 

that emotional state estimation benefits from combining internal physiological 

cues with external facial expressions. 

These examples collectively illustrate how multimodal perception not only 

enhances robustness and accuracy but also expands the range of perceptual 

capabilities available to robotic systems. From recognizing gestures and tracking 

motion to interpreting speech and emotional cues, sensor fusion provides a unified 

mechanism for bridging low-level sensory information with high-level semantic 

understanding. 

In summary, the evolution from unimodal to multimodal perception marks a 

decisive step toward more intelligent and adaptive human–robot interaction. The 

fusion of vision, inertial, tactile, and physiological modalities allows robots to 

develop a richer understanding of both the environment and the human operator, 

paving the way for safe, intuitive, and context-aware collaboration. This 

progression also sets the foundation for the methodology developed in the 

following chapters, which focuses on multimodal tracking through the fusion of 

event-based vision and inertial sensors, aiming to exploit the complementary 

characteristics of these sensing modalities to achieve high-speed, low-latency 

perception in dynamic scenarios.  
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Figure 12 Representative applications of multimodal perception in human–machine and human–

robot interaction. a) Visual–Inertial Skeleton Tracking combining a sensor glove equipped with 

multiple IMUs and passive visual markers with a head-mounted stereo camera [77]. b) Multimodal 

emotion recognition pipeline integrating eye data and EEG signals with facial information to improve 

recognition accuracy [79]. c) Multimodal human–robot collaboration scenario enabled by the 

integration of speech command recognition, hand motion recognition, and full-body motion 

recognition [61]. d) Multimodal interaction via speech, eye gaze, and pointing gestures . 

a)

b)

c) d)
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Chapter 3 

Human arm tracking 

Accurate and reliable perception of human motion is a fundamental 

requirement in modern human–robot collaboration scenarios, where humans and 

robots share the same workspace and cooperate on common tasks. In such 

settings, the robot must continuously perceive the operator’s movements to ensure 

safety, anticipate intentions, and adapt its behavior in real time. Among the 

various body parts involved in interaction, the upper limb plays a central role, as it 

is directly responsible for manipulation, gestural communication, and physical 

interaction with the environment. 

Tracking the human arm with sufficient accuracy and low latency enables a 

wide range of collaborative functionalities, including collision avoidance [80], 

motion prediction [81], gesture-based control [35], and cooperative task execution 

[77]. However, achieving robust arm tracking in dynamic and unstructured 

environments, such as industrial workspaces, remains a challenging problem. 

Existing solutions often face a trade-off between accuracy, responsiveness, 

robustness, and practical deployability, which limits their applicability outside 

controlled laboratory conditions [82]. 

Conventional vision-based systems based on standard frame cameras can 

provide detailed spatial information, but their use in collaborative robotic 

scenarios presents several limitations. Frame-based cameras operate by acquiring 

full images at fixed intervals, which introduces inherent latency due to exposure 

time and sequential processing stages, including image preprocessing, feature 

extraction, and pose estimation. Even at relatively high frame rates, the end-to-end 

latency of the perception pipeline can become significant, reducing the system’s 

ability to promptly react to human motion [20]. 

Moreover, frame-based cameras continuously acquire large amounts of visual 

information, most of which is irrelevant for motion tracking. This redundancy 

leads to high bandwidth and storage requirements and increases computational 

load, as additional processing is required to isolate the arm and extract motion-

related features. These aspects are particularly critical in embedded and edge 
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robotic systems, where computational resources and power availability are 

limited. In addition, standard cameras are sensitive to changes in illumination, 

reflections, and contrast variations, which are common in industrial environments 

and can degrade the reliability of visual perception [20]. 

Inertial Measurement Units represent a complementary sensing modality, as 

they provide high-frequency, occlusion-free motion information that is 

independent of lighting conditions. However, inertial tracking alone suffers from 

cumulative drift and sensitivity to dynamic accelerations, which progressively 

degrade positional accuracy over time. As a result, unimodal tracking approaches, 

whether vision-based or inertial, are generally insufficient to meet the 

requirements of real-world human–robot collaboration [49]. 

RGB-D cameras represent one of the most widely adopted sensing solutions 

for human tracking, since they provide synchronized color and depth information 

and enable direct three-dimensional reconstruction of the operator’s body 

configuration. As discussed in Chapter 2, RGB-D-based tracking typically relies 

on a dense processing pipeline that includes depth acquisition, filtering, RGB-

depth registration, human segmentation, pose estimation, skeleton fitting, and 

temporal smoothing. Although this approach can achieve centimetre-level 

accuracy in controlled conditions and benefits from the maturity and relatively 

low cost of commercial depth cameras, its effectiveness in dynamic human–robot 

collaboration scenarios remains constrained by different factors. The tracking 

performance depends on the visibility of the relevant body segments, the quality 

of the depth map, the camera viewpoint, and the robustness of the pose-estimation 

algorithm. Moreover, the need to process full RGB-D frames at each acquisition 

step introduces a non-negligible computational cost and limits the temporal 

responsiveness of the perception system, whose update rate is commonly tied to 

frame-based acquisition frequencies. These limitations are particularly relevant 

for upper-limb tracking, where fast movements, self-occlusions, and partial 

visibility of the elbow and wrist may degrade the reliability of the reconstructed 

pose. Therefore, while RGB-D cameras remain a mature and effective solution for 

many monitoring and interaction tasks, alternative sensing strategies are needed 

when low latency, reduced data redundancy, and responsiveness to human motion 

are required. 

Event-based vision sensors offer an alternative sensing paradigm that 

addresses several of the aforementioned limitations of standard cameras. Instead 

of capturing full image frames, each pixel in an event camera asynchronously 

reports changes in brightness as soon as they occur. This results in very high 

temporal resolution and low latency, while significantly reducing data redundancy 

and bandwidth requirements. By focusing exclusively on changes in the scene, 

event cameras naturally emphasize motion-related information, making them 

particularly suitable for real-time perception. Furthermore, their high dynamic 

range allows reliable operation under challenging lighting conditions. 

Despite these advantages, monocular event cameras do not provide direct 

depth information and rely on the temporal and spatial structure of events to infer 

motion. This limitation motivates their integration with complementary sensing 
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modalities. In this context, sensor fusion with inertial measurements represents a 

promising solution, as IMUs provide direct 3D orientation information that can 

compensate for the missing depth cues of event-based vision. 

To address these challenges, this chapter presents a multimodal human arm 

tracking framework that combines data from two inertial sensors and a single 

event-based vision sensor through a Kalman filter–based fusion strategy. By 

exploiting the complementary characteristics of inertial sensing and event-based 

vision, the proposed system aims to achieve accurate, low-latency estimation of 

elbow and wrist positions using a compact and computationally efficient sensor 

setup suitable for human–robot collaboration. 

The chapter introduces the complete tracking pipeline, including the 

kinematic modeling of the human arm, the event-based optimization strategy, the 

sensor fusion algorithm, and an experimental validation. Through this approach, 

the chapter demonstrates how combining inertial sensing with event-based vision 

can provide a practical, robust, and scalable solution for upper-limb tracking in 

collaborative robotic applications. 

 

 

 

3.1 System overview  

The proposed system integrates two complementary sensing modalities, 

inertial and event-based vision, to achieve accurate and low-latency tracking of 

the human right upper limb, the overall architecture is illustrated in Figure 13. It is 

composed of two MEMS-based Inertial Measurement Units mounted on the 

operator’s upper arm and forearm, and a  AVI 2    event-based vision sensor 

positioned to include the operator within its field of view. A fiducial ArUco 

marker is attached to the torso to establish a common reference frame between the 

camera and the inertial sensors, ensuring that all measurements are expressed in a 

shared coordinate system. 

Figure 13 Overview of the proposed joint tracking system. Human arm joints value are estimated 

using data from two IMUs and an event camera and then fused together with a Kalman filter. In the 

right image the fusion process is depicted, in blue the posture estimated with the IMUs and its 

covariance, in red the posture estimated with the event camera and its covariance and, lastly, in yellow 

the fused pose. 
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Each sensing modality provides an independent estimation of the arm 

configuration based on the kinematic model of the upper limb. Exploiting this 

model allows the system to incorporate anatomical motion constraints and to 

define a consistent reference framework both for vision-based estimation and for 

the subsequent sensor fusion stage. The IMU subsystem computes the joint angles 

by means of an inverse kinematics algorithm using orientation data from the two 

inertial units. Conversely, the vision subsystem processes the asynchronous events 

captured by the event camera to extract motion-related features and computes an 

optimized configuration of the arm through a cost minimization procedure that 

aligns the kinematic model with the detected events. 

The two pose estimates are then combined through a Kalman filter, which 

merges the high-frequency and continuous nature of inertial data with the spatial 

accuracy and low-latency characteristics of event-based vision. This integration 

mitigates the weaknesses of each modality, drift and cumulative error in the 

IMUs, and partial observability in the event camera, resulting in a stable and 

precise estimation of the wrist and elbow positions. 

Compared with conventional RGB-D or optical tracking systems, the 

proposed approach offers several advantages. Event cameras generate data only 

when brightness changes occur, meaning that only relevant motion information is 

acquired. In contrast, RGB-D cameras must first capture full-frame 3D data and 

then extract the region corresponding to the human arm, introducing additional 

computation and delay. By processing only the required information, the event-

based vision system significantly reduces both computational load and end-to-end 

latency. Furthermore, the use of IMUs provides high-frequency motion data that 

can be acquired and processed synchronously with the event stream, enabling a 

reactive and responsive tracking system suitable for dynamic human–robot 

interaction. 

Finally, the sensor fusion approach allows the system to achieve accuracy 

levels comparable to state-of-the-art multimodal tracking methods, while 

maintaining reduced computational complexity and faster response times. 

3.2 Human arm kinematic model 

The kinematic model of the human upper limb provides the mathematical and 

biomechanical foundation for both the inertial and vision-based tracking 

subsystems. It enables a consistent representation of the arm’s spatial 

configuration while enforcing realistic motion constraints derived from human 

anatomy. In this work, the model is defined with reference to the right upper limb, 

which is consistently considered throughout the tracking, modeling, and 

experimental validation phases. The model captures the essential movements of 

the shoulder and elbow through a simplified yet effective structure that balances 

computational efficiency and biomechanical plausibility. 

As illustrated in Figure 14, the proposed kinematic model represents the 

human upper body using three main segments: the torso, the upper arm, and the 

forearm. The motion of the arm can be described with 5 degrees of freedom 
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(DoF): three at the shoulder (elevation plane, elevation angle, and humerus 

rotation) and two at the elbow (flexion–extension and forearm pronation–

supination). To formulate the arm motion as a serial kinematic chain composed 

exclusively of revolute joints, additional virtual links are introduced. In particular, 

three virtual bodies are inserted between joints 1-2, 2-3, and between joints 4 and 

5. These virtual links do not correspond to physical anatomical segments and have 

no associated length; instead, they are introduced to decouple the rotational 

degrees of freedom and to allow the superposition of reference frames. This 

modeling choice enables each rotational motion to be associated with a distinct 

joint while preserving a clear and structured kinematic formulation.  

In addition to the reference frames associated with the physical and virtual 

links, an auxiliary reference frame, denoted as frame 𝑤, is introduced to represent 

the wrist location. Frame 𝑤 is rigidly attached to the forearm and is defined 

through a fixed transformation with respect to frame 5, corresponding to a 

translation along the forearm axis with magnitude equal to the forearm length.  

With this representation, the shoulder motion is described by three rotational 

degrees of freedom, while the elbow contributes two degrees of freedom. The 

overall kinematic structure allows the shoulder to be modeled as an equivalent 

spherical joint and the elbow as an equivalent universal joint  

 To describe the model the Modified Denavit–Hartenberg (MDH) convention 

is adopted. Each joint rotation is denoted as 𝑞𝑖, corresponding to rotation about 

the local 𝑧𝑖 axis.  

The model is defined with respect to a common base reference frame, denoted 

as frame 𝐵, which is rigidly attached to the torso and assumed to remain 

stationary during operation. All reference frames positions and orientations are 

expressed relative to this base frame, ensuring a consistent coordinate reference 

for both sensing modalities and for the sensor fusion process. 

To ensure adaptability, the model allows for customized segment lengths 

corresponding to each operator’s anthropometric measurements. This 

personalization increases the accuracy of spatial reconstruction and enables 

adaptation to different users. To maintain computational simplicity, some 

approximations are introduced. In particular, the shoulder, elbow, and wrist 

centers are assumed to be collinear. This reduces anatomical fidelity slightly but 

Figure 14 Human right arm model. The model is composed of three links, Torso (white), Upper-

arm (gold) and Forearm (blue) and five joints, three for the upper arm motion and two for the 

forearm. 

B

Torso 

linkUpper-arm 

link

Forearm 

link
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preserves sufficient realism for motion-tracking applications while simplifying 

anthropometric measurements. The model is defined in the anatomical reference 

position (Figure 15), where the operator stands upright with the torso aligned to 

the vertical axis and the palms facing inward. This standardized configuration 

defines the zero reference posture, from which all joint rotations are measured. 

The choice of this non-natural posture helps the operator concentrate during 

calibration, improving repeatability. Figure 15 also illustrates the complete set of 

reference frames expressed with respect to this reference position, allowing the 

relative orientations and spatial locations of all coordinate systems to be clearly 

understood. 

Overall, this model serves a dual purpose: it acts as a geometric framework 

for forward and inverse kinematics calculations, and as a biomechanical constraint 

that ensures the estimated poses remain consistent with feasible human motion. 

The following section details the definition of the coordinate frames, the MDH 

parameterization, and the forward kinematic formulation used to compute the 

spatial position and orientation of each joint. 

 The relationship between coordinate frames is defined using rotation and 

transformation matrices. The transformation matrix will be denoted as 𝑇!
? , where 

the right subscript (!) refers to the described frame and the left superscript (?) 

indicates the reference frame in which the transformation is expressed. Each 

transformation matrix belongs to the Lie group 𝑆𝐸(3). Similar to the 

transformation matrix, rotation matrix will be denoted with 𝑅!
?  and they belong 

to the Lie group 𝑆𝑂(3) 

Figure 15 Human arm kinematic model fontal and lateral view. Each z-axis corresponds to the 

rotation axis of its associated joint 

B
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The torso reference frame (B) is positioned in the central abdominal area, with 

the 𝑥𝐵 and 𝑧𝐵 axes lying parallel to the anatomical frontal plane. The 𝑧𝐵 axis is 

directed vertically upward, the 𝑥𝐵 axis is horizontal pointing the right side. The 𝑦𝐵 

axis completes a righthanded coordinate system. The references system 1 

(associated with the first rotation axis) is located at the shoulder center, with the 

𝑧1 axis directed vertically, pointing downward, while the 𝑥1 axis is horizontal 

again pointing to the right. The homogeneous transformation between the base 

references frame and the reference frame 1 is expressed as: 

where 𝑞1 is the rotation value of the first joint and (𝑥𝑠ℎ, 𝑦𝑠ℎ , 𝑧𝑠ℎ) are the 

position vector components from the base references frame to the references 

frame 1 expressed in the base reference frame. The remaining transformations are 

described by the MDH parameter 𝛼𝑖−1, 𝑎𝑖−1, 𝑑𝑖 , 𝜃𝑖 summarized in Table 2. 

Table 2 Denavit–Hartenberg Parameter  

For each pair of consecutive reference frame, the homogeneous transformation is 

given by Eq 2. 

By chaining the individual transformations, the forward kinematics can be written 

as: 

 

 𝑇1
𝐵 =  (

c(𝑞1) −s(𝑞1) 0
−s(𝑞1) −c(𝑞1) 0

0 0 −1

𝑥𝑠ℎ

𝑦𝑠ℎ

𝑧𝑠ℎ

𝑙𝑙 0 𝑙𝑙 𝑙𝑙𝑙 0 𝑙𝑙𝑙 𝑙0𝑙 1

) (1) 

Link 𝛼𝑖−1 𝑎𝑖−1 𝑑𝑖 𝜃𝑖 

2 90° 0 0 𝑞2 

3 -90 0 0 𝑞3 

4 90 0 
Upper-arm 

length 
𝑞4 

5 -90 0 0 𝑞5 

w 0 0 
Forearm 

length 
0 

𝑇𝑖
𝑖−1 = (

c(θ1) − s(θ1) 0

s(θ1) c(𝛼𝑖−1) c(𝜃𝑖) c(𝛼𝑖−1) −s(𝛼𝑖−1) 

s(θ1) s(𝛼𝑖−1) c(𝜃𝑖) s(𝛼𝑖−1) c(𝛼𝑖−1)

𝑎𝑖−1

−𝑑𝑖 s(𝛼𝑖−1)

𝑑𝑖 c(𝛼𝑖−1) 

𝑎𝑎𝑎𝑎𝑎0𝑎𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑎0𝑎𝑎𝑎𝑎𝑎 𝑎𝑎0𝑎𝑎𝑎𝑎𝑙 1

) (2) 

 𝑇𝑗
𝐵 = ∏ 𝑇𝑖(𝑞𝑖)

𝑖−1

𝑗

𝑖=1

 (3) 
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In particular: 

It is important to note that reference frame 3 is associated with the upper-arm 

link and its position corresponds to the shoulder, while reference frame 5 is 

associated with the forearm link and its position corresponds to the elbow, 

meanwhile frame 𝑤 is associated with the forearm but located at the wrist. 

3.3 IMU-based tracking system 

The IMU-based tracking subsystem estimates the angular configuration of the 

human upper limb using orientation data acquired from the two IMUs. One IMU 

is mounted on the upper arm and the other on the forearm. This configuration 

allows the system to capture the three-dimensional orientation of each limb 

segment and, through the inverse kinematics formulation, compute the joint 

angles defined in the kinematic model described in the previous section. 

At each time step, each IMU provides its orientation with respect to its own 

global reference frame. This global frame is not known a priori and is assigned 

autonomously at the sensor’s initialization; therefore, the global frames of the two 

IMUs are not necessarily aligned or congruent. The reference frame associated 

with the IMU on the upper arm is denoted as 𝑢𝑎, and that of the forearm as 𝑓𝑎, 

while the corresponding global frames are indicated as 𝐺1 e 𝐺2 respectively. 

Accordingly, the orientations measured by the sensors can be expressed as 𝑅𝑢𝑎
𝐺1  

and 𝑅𝑓𝑎
𝐺2 . To make these data usable within the kinematic model, the orientations 

must be expressed in appropriate reference frames. The following assumptions are 

therefore introduced: 

The orientations 𝑅𝑢𝑎
3  and 𝑅𝑓𝑎

5  between each IMU and the related rigid 

body are constant, and they are set during mounting. 

The initial orientations of the IMUs with respect to the torso frame B, denoted 

as 𝑅𝑢𝑎0
𝐵  and 𝑅𝑓𝑎0

𝐵 , are known. The initial state is denoted with the left subscript 0. 

Under these assumptions, it is possible to compute the transformations that 

relate the base reference frame to the two global IMU frames, as reported in Eqs. 

(7) and (8). By combining all these transformations, the sensor orientations can be 

expressed in the appropriate coordinate systems required for inverse kinematics, 

specifically: the orientation of the upper-arm link with respect to the base frame, 

and the orientation of the forearm link with respect to frame 3, as defined in Eqs. 

(9) and (10). The IMUs orientation with respect the different reference frames is 

depicted in Figure 16 in two different configurations, the anatomical reference 

posture and a generic one. 

 𝑇3
𝐵 = 𝑇1

𝐵 𝑇2
1 𝑇3

2  (4) 

 𝑇5
3 = 𝑇4

3 𝑇5
4  (5) 

 𝑇𝑤
𝐵 = 𝑇3 𝑇5

3𝐵 𝑇𝑤
5  (6) 
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Given the orientation matrices derived from the IMU data, the corresponding 

joint angles 𝑞𝑖 are obtained by solving the inverse kinematics problem of the five-

degree-of-freedom arm model. The orientation of the upper arm relative to the 

torso, 𝑅𝐵
3, provides the three shoulder joint angles 𝑞1, 𝑞2, 𝑞3, while the 

orientation of the forearm relative to the upper arm, 𝑅3
5, provides the two elbow 

joint angles 𝑞4, 𝑞5. 

The analytical relations used to compute the joint variables are reported in 

Eqs. (11)-(15) where 𝑅(𝑚, 𝑛) indicates the element of the rotation matrix in the 

𝑚-th row and 𝑛-th column. 

 𝑅𝐺10
𝐵 = 𝑅𝑢𝑎0

𝐵 𝑅𝐺10
𝑢𝑎  (7) 

 𝑅𝐺20
𝐵 = 𝑅𝑓𝑎0

𝐵 𝑅𝐺20
𝑓𝑎

 (8) 

 𝑅3
𝐵 = 𝑅𝐺10

𝐵 𝑅𝑢𝑎
𝐺1 𝑅3

𝑢𝑎  (9) 

 𝑅5
3 = 𝑅𝐵

3 𝑅𝐺20
𝐵 𝑅𝑓𝑎

𝐺2 𝑅5
𝑓𝑎

 (10) 

 𝑞𝑡,1 = arctan2 (
𝑅3

𝐵 (2,3)

sin 𝑞𝑡,2
, −

𝑅3
𝐵 (1,3)

sin 𝑞𝑡,2
) (11) 

 𝑞𝑡,2 = ± arccos ( 𝑅3
𝐵 (3,3)) (12) 

 𝑞𝑡,3 = arctan2 (−
𝑅3

𝐵 (3,1)

sin 𝑞𝑡,2
,

𝑅3
𝐵 (3,2)

sin 𝑞𝑡,2
) (13) 

 𝑞𝑡,4 = arctan2(− 𝑅5(1,3)3 , 𝑅5(3,3)3 ) (14) 

 𝑞𝑡,5 = arctan2( 𝑅5(1,2)3 , 𝑅5(2,2)3 ) (15) 

Figure 16 IMU and links orientation in the anatomical referances configuration and in a generic 

one. 

B B
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Among the two possible analytical solutions for each trigonometric inversion, 

only the configuration consistent with physiological constraints, such as the 

natural range of motion of the human shoulder and elbow, is selected. This 

ensures biomechanical plausibility of the estimated configuration. The resulting 

vector of estimated joint angles at time 𝑡 is expressed as: 

This vector represents the complete pose of the arm according to the inertial 

measurements and is used as an independent input for the sensor fusion module. 

3.4 Event-based tracking system 

The event-based vision subsystem estimates the configuration of the upper 

limb by processing the asynchronous brightness-change data provided by an event 

camera. Unlike conventional frame-based cameras, which record entire intensity 

images at fixed intervals, the event camera generates data only when a pixel 

detects a change in brightness. Each pixel operates independently and outputs an 

event with its spatial coordinates (𝑥𝑘, 𝑦𝑘), polarity (𝑝𝑜𝑙) and timestamp (𝑡), 

defining the events as ek  = (𝑥𝑘, 𝑦𝑘, 𝑝𝑜𝑙𝑘 , 𝑡𝑠𝑘). This sensing principle enables 

microsecond temporal resolution, low latency, and reduced data bandwidth, 

making event-based vision particularly suitable for real-time motion tracking in 

human–robot collaboration. The processing pipeline of the vision subsystem 

consists of four main stages: event filtering, undistortion, event assignment, and 

optimization of the arm configuration. Each step progressively refines the raw 

event data to obtain reliable geometric information that can be used for pose 

estimation with the kinematic model. A schematic representation of this pipeline 

is shown in Figure 17  

 qt
IMU = [𝑞1, 𝑞2, 𝑞3, 𝑞4, 𝑞5] (16) 

Figure 17 Illustration of event camera data processing steps. a) The original raw events  are b) 

filtered and undistorted. c) The resulting processed events are assigned to the set of upper arm points 

or to the set of forearm points according to the area defined by landmarks on the kinematic model of 

the arm. 

pw Δ

pua
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pe

pfa

a) b) c)



 

41 

 

The first processing step implements the filtering of the raw data acquired 

from the event camera. This stage is crucial, as event cameras are inherently 

affected by background activity noise, caused by pixel leakage currents or 

threshold mismatches, which produce events that are not spatially or temporally 

correlated with actual motion. To remove this noise, a modified version of the 

Time Surface filtering method was employed [83], in which an Event-Count 

Surface (ECS) is used instead of the traditional time surface. The ECS relies on 

the observation that noise-related pixels are typically isolated in both space and 

time, whereas motion-generated events occur in spatially and temporally coherent 

clusters. Therefore, if a single event has no neighboring events within its vicinity, 

it is likely to originate from noise rather than real motion. To implement this 

principle, the ECS divides the pixel array into local cells of size 𝑠 × 𝑠,  

where 𝑠 = 2𝑏. The resulting Event-Count Surfaces is defined as 𝑆 ∈  ℕ
𝑊

𝑠
×

𝐻

𝑠 , 

where 𝑊 and 𝐻 are di camera resolution. Each cell stores the number of events 

detected within a short time window. The subsampled coordinates 𝑢𝑘 and 𝑣𝑘 of 

the cell to which each event belongs are computed as: 

Where the operator “≫” denotes the right bit-shift, equivalent to dividing the 

event coordinate by 𝑠 and keeping only the integer part. 

A second offset surface 𝑆′ is generated by shifting the subsampling grid by 

half a cell to improve spatial correlation between adjacent regions. The 

corresponding subsampled coordinates are calculated as:  

An explanatory illustration of this offset sampling pattern is shown in Figure 

18. An event is retained only if the number of neighboring events within its 

corresponding cells in both 𝑆 and 𝑆′ exceeds a predefined threshold 𝑛, as reported 

in (19). 

 

This spatio-temporal correlation filter effectively suppresses isolated noise 

events while preserving those associated with coherent motion patterns. The 

resulting filtered event set, denoted ℰ𝑓, thus contains only meaningful motion 

information corresponding to the actual movement of the arm. 

Following the filtering stage, the next steps of the tracking algorithm aim to 

refine the event data to accurately estimate the arm configuration. This process 

involves two main operations: undistortion of the accumulated events and 

assignment of each event to the corresponding arm segment, either the upper arm 

or the forearm. The undistortion procedure corrects the raw event coordinates 

 𝑢𝑘 = 𝑥𝑘 ≫ 𝑏; 𝑣𝑘 = 𝑦𝑘 ≫ 𝑏  (17) 

 𝑢𝑘
′ = (𝑥𝑘 + 𝑏) ≫ 𝑏; 𝑣𝑘

′ = (𝑦𝑘 + 𝑏) ≫ 𝑏  (18) 

 𝑆(𝑢𝑘, 𝑣𝑘) > 𝑛 ∧  𝑆′(𝑢𝑘
′ , 𝑣𝑘

′ ) > 𝑛  (19) 
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using the intrinsic parameters of the event camera, denoted by the matrix K. Event 

assignment is then performed according to Algorithm 1, which exploits the 

previously estimated configuration of the kinematic model to guide the spatial 

separation of events. Using the joint configuration from the previous time step, 

q𝑡−1, the forward kinematics module computes the transformation matrices 𝑇1
𝐵 , 

𝑇4
𝐵 , and 𝑇𝑤

𝐵 , corresponding to the positions of the shoulder, elbow, and wrist, 

respectively. These three-dimensional poses are projected onto the image plane 

using the camera parameters to obtain two-dimensional points representing the 

shoulder (ps), elbow (pe), and wrist (pw) centres, as illustrated in Figure 19. 

To assist in the assignment of events, the algorithm computes the geometric 

centers of the upper arm and forearm segments by averaging the projected joint 

positions. The point p𝑢𝑎 represents the midpoint between the shoulder and elbow, 

while p𝑓𝑎 corresponds to the midpoint between the elbow and wrist. For each 

detected event, the Euclidean distance between its coordinates and these segment 

centers is calculated. An event is classified as belonging to a segment if its 

distance from the corresponding center is below a predefined threshold Δ. This 

procedure results in two distinct event sets: ℰ𝑢𝑎 for the upper arm and ℰ𝑓𝑎 for the 

forearm. The threshold Δ defines the segmentation area around each center, 

represented by the circular regions shown in Figure 17(c). The separated event 

sets constitute the input for the subsequent optimization stage, which estimates the 

updated pose of the arm. 

 

 

 

 

 

 

 

Figure 18 Example of event assignment on the Event-Count Surfaces. The figure illustrates how 

an event (𝒆𝒌) with coordinate 𝒙𝒌 = 𝟓 and 𝒚𝒌 = 𝟔 is assigned to the corresponding subsampled cells in 

the surfaces 𝑺 and 𝑺′. 
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Algorithm 1 Undistortion and Assignment of Events 

function Assignment (ℰ𝑓) 

  ℰ ←  𝑈𝑛𝑑𝑖𝑠𝑡𝑜𝑟𝑡(ℰ𝑓 , 𝐾) 

𝑇1
𝐵 , 𝑇4

𝐵  , 𝑇𝑤
𝐵  ←  𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝐾𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠(𝑞𝑡−1) 

p𝑠, p𝑒 , p𝑤  ←  𝑃𝑟𝑜𝑗𝑒𝑐𝑡( 𝑇1
𝐵 , 𝑇4

𝐵  , 𝑇𝑤
𝐵 , 𝐾) 

p𝑢𝑎  ←  𝑎𝑣𝑔(p𝑠, p𝑒)                          Upper arm center 
p𝑓𝑎  ←  𝑎𝑣𝑔(p𝑒, p𝑤)                         Forearm center 

ℰ𝑢𝑎  ←  ℰ[ 𝑑𝑖𝑠𝑡(p𝑢𝑎, ℰ)  <  𝛥 ] 
ℰ𝑓𝑎  ←  ℰ[ 𝑑𝑖𝑠𝑡(p𝑓𝑎, ℰ)  <  𝛥 ] 

return (ℰ𝑢𝑎, ℰ𝑓𝑎) 

 

Figure 19 Explanatory illustration of the model projection in event camera plane 
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The optimization procedure estimates the current arm configuration q𝑡
𝑒𝑣𝑡 

using a model-based approach that minimizes the distances standard deviations 

between the projected arm segments and the events detected by the camera. This 

approach relies on the assumption that correctly estimated arm poses generate 

event distributions that align spatially with the projected model segments, as 

illustrated in Figure 20. The optimization is further constrained by the 

physiological range of motion of the shoulder and elbow joints to ensure 

biomechanically valid configurations. Minimizing the standard deviation ensures 

that the estimated segment lies at a uniform distance from all the events assigned 

to it, resulting in an even spatial distribution of points along the modeled limb. In 

contrast, minimizing other metrics, such as the mean distance, would favor 

configurations where the segment aligns with the highest concentration of events, 

which, due to the event camera’s nature, often corresponds to one of the arm’s 

visual edges rather than its central axis. 

The algorithm is executed only when the sets of events assigned to the upper 

arm (ℰ𝑢𝑎) and forearm (ℰ𝑓𝑎) contain a sufficient number of elements, depending 

on the lighting conditions and movement intensity. Three possible scenarios are 

implemented: full arm optimization, forearm-only optimization, and no 

optimization. 

Arm optimization 

When both ℰ𝑢𝑎 and ℰ𝑓𝑎 contain enough events, a complete optimization of all 

five joint angles is performed. A candidate joint configuration is first defined, and 

the corresponding homogeneous transformation matrices 𝐵T1, 𝐵T4, and 
𝐵T𝑤 are computed through the forward kinematics module. These 

transformations are then projected onto the image plane using the camera 

intrinsics K, yielding 2D positions for the shoulder (ps), elbow (pe), and wrist 

(pw). 

Figure 20 An illustrated example of the event optimization method. The joint configuration is 

changed until the two segments are in the pose that minimize the standard deviation of the distances 

between the segments and the events. The light and dark blue points represent events assigned to the 

upper arm and forearm, respectively. 
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Two lines are subsequently defined in the image plane in implicit form 𝑎𝑥 +

𝑏𝑦 + 𝑐 = 0: one passing through ps and pe (upper arm) and the other through pe 

and pw (forearm). For each event assigned to a segment, the Euclidean distance to 

its corresponding line is calculated. These distances are collected in the sets 𝒟𝑢𝑎 

and 𝒟𝑓𝑎, representing how well the events align with the projected model. 

The optimization aims to find the configuration that minimizes the cost 

function: 

where the first two terms enforce spatial consistency by minimizing the 

dispersion of events around the predicted kinematic lines, and the third term acts 

as a temporal regularization factor that penalizes abrupt changes in joint angles. 

The weighting matrix W assigns different confidence levels to each joint 

according to its expected mobility and measurement reliability. The diagonal 

entries of W are empirically tuned, assigning smaller weights to the elbow joints 

to account for their higher estimation uncertainty. 

This formulation ensures that the estimated configuration not only fits the 

event data but also evolves smoothly over time. The pseudocode of the proposed 

optimization procedure is reported in Algorithm 2. 

No optimization 

If the forearm event set ℰ𝑓𝑎 contains enough points while the upper-arm set 

ℰ𝑢𝑎 does not, and no substantial motion is detected, the system assumes that the 

arm has remained stationary. Consequently, the configuration is maintained as 

q𝑡
𝑒𝑣𝑡 = q𝑡−1. This prevents the introduction of noise when visual data are 

insufficient for reliable estimation. 

Forearm-only optimization 

When ℰ𝑓𝑎 contains sufficient events but ℰ𝑢𝑎 does not, the optimization is 

restricted to the elbow joints, 𝑞𝑡,4
𝑒𝑣𝑡 and 𝑞𝑡,5

𝑒𝑣𝑡, while keeping the shoulder 

 argmin
q𝑡

𝑒𝑣𝑡
(𝑠𝑡𝑑(𝒟𝑢𝑎)  +  𝑠𝑡𝑑(𝒟𝑓𝑎)  +  ‖𝑊(q𝑡

𝑒𝑣𝑡 − q𝑡−1)‖2)   (20) 

Algorithm 2 Arm Optimization 

q𝑡
𝑒𝑣𝑡 =  argmin

q𝑡
𝑒𝑣𝑡

(OPTIMISE(q𝑡
𝑒𝑣𝑡, q𝑡−1, ℰ𝑢𝑎, ℰ𝑓𝑎 )) 

function OPTIMISE(q𝑡
𝑒𝑣𝑡, q𝑡−1, ℰ𝑢𝑎, ℰ𝑓𝑎)  

 𝑇1
𝐵 , 𝑇4

𝐵  , 𝑇𝑤
𝐵  ←  𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝐾𝑖𝑛𝑒𝑚𝑎𝑡𝑖𝑐𝑠(q𝑡

𝑒𝑣𝑡) 

ps, pe, pw  ←  𝑃𝑟𝑜𝑗𝑒𝑐𝑡( 𝑇1
𝐵 , 𝑇4

𝐵  , 𝑇𝑤
𝐵 , 𝐾) 

𝑎1, 𝑏1, 𝑐1  ←  𝑙𝑖𝑛𝑒(ps, pe)                          Upper arm line parameter 

𝑎2, 𝑏2, 𝑐3  ←  𝑙𝑖𝑛𝑒(pe, pw)                         Forearm line parameter 

𝒟𝑢𝑎  ←  𝑑𝑖𝑠𝑡(𝑙𝑖𝑛𝑒(𝑎1, 𝑏1, 𝑐1), ℰ𝑢𝑎)          Set of distances 
𝒟𝑓𝑎  ←  𝑑𝑖𝑠𝑡(𝑙𝑖𝑛𝑒(𝑎2, 𝑏2, 𝑐3), ℰ𝑓𝑎) 

return (𝑠𝑡𝑑(𝒟𝑢𝑎)  +  𝑠𝑡𝑑(𝒟𝑓𝑎)  +  ‖𝑊(q𝑡
𝑒𝑣𝑡 − q𝑡−1)‖2 
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configuration fixed. This approach assumes that no movement has occurred in the 

proximal joints. The corresponding objective function simplifies to: 

This reduced optimization follows the same structure as the full version but 

omits computations related to the upper arm. It therefore reduces computational 

complexity while maintaining continuity by leveraging the absence of events as 

implicit information that the upper arm has not moved. 

The optimization is solved iteratively using a bounded gradient-descent 

method, with a maximum number of iterations set according to real-time 

constraints. This approach provides a good trade-off between computational 

efficiency and estimation accuracy. On average, the optimization converges 

within a few hundred iterations, keeping the overall processing time compatible 

with the high-frequency output of the event camera. The estimated configuration 

q𝑡
𝑒𝑣𝑡 is then fused with the inertial estimation within the Kalman-based framework 

described in the following. 

3.5 Sensor Fusion Framework 

The fusion of the joint angle estimates obtained from the IMUs and the event-

based vision subsystem is performed through a Kalman filter framework, which 

exploits the complementary characteristics of the two sensing modalities. While 

the IMUs provide high-frequency orientation data with potential drift, the event 

camera contributes spatially accurate but bidimensional measurements. The 

Kalman filter offers a method to integrate these heterogeneous data sources by 

recursively estimating the most probable joint configuration based on sensor 

uncertainty and system dynamics. Figure 21 illustrates the overall fusion 

architecture.  

The dynamic behavior of the system is modeled using a discrete linear state-

space formulation. The state vector q𝑡 ∈ ℝ5 represents the joint angles of the 

shoulder and elbow at time 𝑡. Its evolution is described by a first-order dynamic 

model: 

 argmin
q𝑡

𝑒𝑣𝑡
( 𝑠𝑡𝑑(𝒟𝑓𝑎)  +  ‖𝑊(q𝑡

𝑒𝑣𝑡 − q𝑡−1)‖2)   (21) 

 q𝑡 = 𝐴q𝑡−1 + w𝑡   (22) 

Figure 21 Kalman framework and logic flow 
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where 𝐴 is the state transition matrix and w𝑡 ∼ 𝒩(0, 𝑄𝑡) is the process noise, 

modeling random variations in motion and modeling uncertainty. Since the arm 

configuration changes gradually between consecutive steps, a quasi-static model 

is assumed with 𝐴 = 𝐼5. 

The measurement model combines the IMU-based and event-based estimates 

into a single observation vector: 

where 𝐻 is the observation matrix, and r𝑡 ∼ 𝒩(0, Θ) represents measurement 

noise assumed to be Gaussian and uncorrelated between sensors. 

At each time step, the observation vector z𝑡 ∈ ℝ10is formed by stacking the 

two independent estimates: 

where the first five components correspond to the IMU-based estimation and the 

last five to the event-based estimation. 

To correctly weight each sensor contribution, the measurement noise 

covariance matrix Θ is structured in block-diagonal form: 

• For the IMUs, the diagonal covariance matrix Θ𝑖𝑚𝑢 encodes higher 

uncertainty in the forearm joints (25°) compared to the upper arm (15°). 

• For the event camera, the covariance matrix Θ𝑒𝑣𝑡 assumes a noise standard 

deviation of 5° for the shoulder joints and 10° for the elbow joints, 

reflecting reduced confidence in the estimation of distal joints. 

The process noise covariance matrix 𝑄𝑡 represents the uncertainty of the 

motion model and is defined as a diagonal matrix with a baseline noise of 3°. This 

matrix is adaptively scaled based on the number of detected events: when more 

events are available, the model uncertainty increases to account for potentially 

faster and less predictable motions. 

The recursive Kalman filter consists of two main phases: prediction and 

correction. Prediction step: 

Correction step:  

 z𝑡 = 𝐻q𝑡 + r𝑡  (23) 

 z𝑡 = [q𝑡
𝑖𝑚𝑢, q𝑡

𝑒𝑣𝑡]⊤  (24) 

 Θ =  [
Θ𝑖𝑚𝑢 0

0 Θ𝑒𝑣𝑡
]   (25) 

 q̂𝑡 = 𝐴q𝑡−1  (26) 

 𝑃𝑡|𝑡−1 = 𝐴𝑃𝑡−1|𝑡−1𝐴⊤ + 𝑄𝑡 (27) 

 𝐾𝑡 = 𝑃𝑡|𝑡−1𝐻⊤(𝐻𝑃𝑡|𝑡−1𝐻⊤ + Θ)
−1

  (28) 
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where 𝐾𝑡 is the Kalman gain, which dynamically balances the influence of the 

predicted state and the incoming sensor measurements according to their 

uncertainties. The observation matrix 𝐻 = [𝐼5, 𝐼5]⊤ maps the five-dimensional 

state to the ten-dimensional measurement space, while 𝐼5 denotes the 5 × 5 

identity matrix. 

In this implementation, the discrete time variable 𝑡 is synchronized with the 

event camera’s sampling rate, ensuring that all measurements are processed 

consistently at the highest temporal resolution available. Figure 22 illustrate how 

the sensor fusion works and its conceptual meanings.  

 

 

 

 q𝑡 = q̂𝑡 + 𝐾𝑡(𝑧𝑡 − 𝐻q̂𝑡) (29) 

 𝑃𝑡|𝑡 = (𝐼5 − 𝐾𝑡𝐻)𝑃𝑡|𝑡−1 (30) 

Figure 22 Conceptual illustration of the fusion. The left image illustrates the pose estimated by the 

IMUs, by the event camera and in the previous state estimation with their covariances, they are 

represented in blue, red and yellow, respectively. The right image shows the output of the sensor 

fusion, i.e. the fused pose with its covariance. 
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3.6 Experimental Validation 

The experimental campaign was designed to comprehensively characterize 

the proposed tracking system, with the goal of assessing its accuracy, the factors 

influencing it, its reactivity to motion, robustness, computational cost, and overall 

technical feasibility, as well as identifying its limitations. The test scenarios were 

therefore selected to specifically challenge individual sensing modalities and 

evaluate the ability of the sensor fusion framework to compensate for their 

respective weaknesses.  

For instance, motions performed along different directions were designed to 

test the camera’s perception capabilities, while prolonged motion sequences were 

used to assess drift accumulation in the inertial sensors. The tests were conducted 

by two human operator and a mechanical arm analogue. The distinction between 

tests performed with human subjects and those conducted using a mechanical arm 

analogue allowed for the analysis of anthropometric uncertainty. While human 

limb dimensions cannot be precisely measured, the mechanical setup, with fixed, 

known segment lengths and joint geometries, enabled an assessment of the 

intrinsic accuracy of the system independent of anatomical variability. 

Two sets of trials were performed by two human subjects (Figure 23b), while 

a third set was carried out using the mechanical arm analogue (Figure 23a). Each 

trial consisted of different types of movements. The motion types are illustrated in 

Figure 24. 

Figure 23 The wearable equipment setup on the a) analogue arm; b) human arm. 
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Each motion was repeated three times by each subject. In addition, Subject 1 

performed ten consecutive repetitions of the full motion set to evaluate drift 

accumulation over extended operation.  

The experimental setup consists of a DAVIS240C event camera, an Intel 

RealSense D435i RGB-D camera, an Arduino Due microcontroller, two 

MPU6050 IMUs, three ArUco markers, and two computers. The core tracking 

system, comprising the event camera, the IMUs, the torso marker, and a primary 

computer, acquires and synchronizes the sensor data. Additionally, the 

microcontroller is equipped with a LED and a button used to synchronize the 

recordings of the tracking system and the validation system. Specifically, each 

time the button is pressed, the LED turns on, and the corresponding timestamp is 

recorded and transmitted to the primary computer. The secondary computer 

manages the RGB-D camera used for ground-truth acquisition via a Python script. 

The video acquisition is set with the highest sharpness setting, a frequency of 30 

Hz and a resolution of 720 × 1280. Three ArUco markers with 4 × 4 bits are 

used in the system. One is placed on the torso of the operator and serves as the 

reference frame for the tracking system. This marker is twice the size of the 

others, measuring 120 mm, to compensate for the low resolution of the event 

Figure 24 The five types of movements performed in the experimental trials. 



 

51 

 

camera and to enhance detection accuracy. The remaining two ArUco markers on 

the arm measure 60 mm and are used for ground-truth tracking. 

The acquisition and communication architecture was implemented in Robot 

Operating System 2 (ROS2). Figure 25 illustrates the node and topic structure 

adopted in this work. 

The system includes the following ROS2 nodes: 

• eCAM node – responsible for event data acquisition from the 

DAVIS240C, with an accumulation window of 10 ms; 

• IMU node – running on the Arduino Due through Micro-ROS, publishing 

orientation data every 5 ms; 

• Saving node – managing data storage for offline analysis. 

 This modular structure facilitates data synchronization and enables future 

extensions to additional sensing modalities.  

The event camera was positioned approximately one meter in front of the 

subject, with its optical axis slightly tilted respect the sagittal plane. The distance 

was chosen to balance two competing requirements: 

1. ensuring that the full range of motion remained within the field of view, 

2. maintaining sufficient spatial resolution of the events. 

Increasing the camera-to-subject distance reduces event density, as each pixel 

corresponds to a larger area in 3D space, decreasing the number of brightness 

changes detected for the same physical displacement. The selected configuration 

ensured adequate spatial coverage and event density across all motion types. 

A dedicated mechanical arm analogue was developed to provide a controlled 

environment for testing. The setup replicates the geometry of a human upper limb, 

including adjustable shoulder and elbow joints. The arm analogue was 3D printed 

in four different parts, one for the shoulder joint, one for the upper arm segment, 

one for the elbow joint and one for the forearm segment. This mechanical setup 

eliminates soft-tissue motion, and measurement uncertainty associated with 

human tests. Figure 26 shows the mechanical prototype. 

 

 

 

 

 

Figure 25 Tracking system ROS2 architecture 
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Experimental Protocol 

To ensure consistency and repeatability, all trials followed a standardized 

procedure comprising the following steps: 

1. Sensor mounting and alignment – IMUs and ArUco markers were securely 

attached and aligned with the limb segments. 

2. Anthropometric measurement – segment lengths were measured for 

subject-specific kinematic model definition. 

3. System calibration – the operator assumed the anatomical reference 

position for the initial camera calibration. A short reference video is 

captured using the greyscale video output from the event camera to locate 

the torso reference frame. 

4. Data acquisition – sensors were activated, and synchronization was 

ensured via LED blink. The subject is first instructed to maintain the 

anatomical reference position, standing still with the palms facing inward 

for approximately five seconds. This static phase ensures proper 

initialization of all sensors and alignment of reference frames. Afterward, 

the subject proceeds to perform the prescribed movement sequence. 

5. Offline processing and error evaluation – data were processed in 

MATLAB for pose estimation, ground-truth extraction, and error analysis. 

After data acquisition, all processing was carried out offline to ensure high 

numerical accuracy and precise validation of the proposed tracking framework. At 

this stage of system development, the focus was placed on evaluating the 

performance and reliability of the multimodal algorithm rather than achieving 

real-time execution. The offline implementation allowed for detailed analysis, 

precise time synchronization, and the use of higher-precision numerical routines 

Figure 26 Mechanical arm analogue. The four parts composing the analogue are depicted in 

different color. In orange the shoulder joint, in pink the upper arm, in green the elbow and in blue the 

forearm. Relevant dimensions are reported in millimeters. 
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without the computational constraints of online processing. Furthermore, the 

chosen validation setup, based on video acquisition and ArUco marker detection, 

was inherently unsuitable for real-time evaluation, reinforcing the need for an 

offline approach.  

The recorded data streams from the IMUs, the event camera, and the RGB-D 

camera were processed in MATLAB. Image processing, including camera 

projection and ArUco marker detection and localization, was performed using the 

Computer Vision Toolbox. The post-processing workflow followed a structured 

procedure. First, the grayscale video from the event camera was analyzed to 

estimate the torso reference frame by detecting the ArUco marker attached to the 

subject’s torso in each frame. The estimated poses were averaged across a short 

temporal window to obtain a stable reference orientation and position, computed 

respectively as the mean translation vector and the average quaternion [84]. The 

same procedure was applied to the upper arm and forearm markers in the RGB-D 

camera video. This calibration step established the spatial correspondence 

between the physical markers and the kinematic model’s coordinate frames. 

The multimodal tracking algorithm was then executed using synchronized and 

temporally aligned data. The initial orientation of each IMU, 𝑅𝑢𝑎0
𝐵  and 𝑅𝑓𝑎0

𝐵 , was 

computed as the mean orientation within the interval between 2 s and 2.5 s after 

synchronization, ensuring stable reference conditions before motion started. The 

temporal resolution of the Kalman fusion was set equal to the event camera 

accumulation cycle, corresponding to 10 ms, while IMU readings sampled every 5 

ms were averaged in pairs to maintain synchronization with the event stream. For 

each time step, the event-based optimization and the Kalman filter were applied to 

produce the fused joint configuration estimate, which was subsequently stored for 

comparison with the ground-truth data. For this set of trial the minimum number 

of events to perform the optimization algorithm was set to 20. 

Ground-truth poses of the upper arm and forearm were extracted from the 

Intel RealSense camera recordings by detecting the corresponding ArUco markers 

in each frame. As a first step, the last occurrence of the synchronization LED 

blink was identified in the video, and its associated timestamp was stored to align 

the ground-truth data with the tracking system. Subsequently, the initial poses of 

the ArUco markers attached to the upper arm and forearm were averaged over the 

interval between 2 s and 2.5 s after synchronization, following the same procedure 

adopted for the torso reference estimation. This averaging was performed 

separately for position and orientation to obtain stable reference values. 

The resulting mean poses were then used to compute the constant rigid 

transformations between the coordinate frames of the kinematic model and those 

of the ArUco markers. Once these reference transformations were defined, the 

entire video sequence was processed frame by frame to extract the pose of each 

marker over time. Finally, the tracking results and the ground-truth data are 

compared. In particular, the comparison focuses on the position of the ArUco 

markers placed on the upper arm and forearm. The forward kinematics is used to 

compute the pose 𝑇4
𝐵 . The rigid transformation is then applied to account for the 
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offset between the elbow and the ArUco marker on the upper arm. A similar 

procedure is applied to compute the pose of the ArUco marker on the forearm. 

Since the acquisition frequencies of the tracking and ground-truth systems were 

different, with the ground-truth data acquired at a lower rate, the estimated 

trajectories were interpolated to match the timestamps of the ground-truth 

measurements, ensuring precise temporal alignment for error computation. 

The system performance was evaluated using position metrics, as spatial 

accuracy directly reflects the system’s effectiveness in collaborative robotic 

scenarios. Accurate positional estimation of the operator’s limbs is a fundamental 

requirement for interaction safety and motion prediction in shared workspaces. 

Among the possible positional metrics, the Euclidean distance between the 

estimated and reference points was selected because of its straightforward 

physical interpretation and widespread use in motion-tracking performance 

analysis. 

The accuracy of the tracking system was therefore assessed by calculating the 

mean absolute position error between the estimated and reference marker 

positions. For each time step 𝑡, the positional error was computed both along 

individual Cartesian axes and as the Euclidean norm of the difference between the 

estimated and ground-truth positions. The overall mean absolute position error 

was then derived as the average over the entire duration of the trial: 

where ℎ represents either one of the Cartesian components 𝑥, 𝑦, 𝑧 or the Euclidean 

distance, and 𝑁 is the total number of samples. This formulation provides an 

intuitive and quantitative measure of spatial deviation that can be directly related 

to the physical motion of the arm. In the next section the Euclidian norm will be 

represented by the symbol ‖∙‖2. 

3.7 Experimental Results and Discussion 

This section presents and discusses the experimental results obtained from the 

validation campaign described in Section 3.6. The analysis focuses on evaluating 

the performance of the developed tracking system compared to the single 

modalities tracking, across different subjects, motion types, and testing 

conditions. The results provide a comprehensive assessment of the system’s 

accuracy, robustness, and temporal stability, and allow for a critical discussion of 

the main factors influencing performance. 

The reported outcomes were obtained using a set of parameters selected after 

multiple tuning iterations. Particular attention was devoted to the configuration of 

the Kalman filter, whose parameters, specifically the process and measurement 

noise covariance matrices, play a crucial role in determining the system’s 

behavior. Several combinations were tested to identify the configuration that 

minimized the overall average error across all trials, rather than optimizing 

 𝑒𝑟𝑟𝑜𝑟 =
1

𝑁
∑|ℎ𝑡

𝐺𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ − ℎ𝑡
𝐹𝑢𝑠𝑖𝑜𝑛|

𝑁

𝑡=1

 (31) 
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performance for a single movement or subject. This strategy ensured that the final 

parameter set provided a balanced trade-off between responsiveness, stability, and 

accuracy under a wide range of operating conditions. The parameters adopted in 

this work are reported in Section 3.5. 

The following discussion presents both qualitative and quantitative analyses 

of the results, highlighting how each sensing modality contributes to the final 

performance of the system and how the sensor fusion strategy enhances the 

overall tracking capability compared to individual sensors. 

Figure 27 and Figure 28 show representative examples of the tracking 

performance for Motion 1 and Motion 2 performed by Subject 1. Each figure 

illustrates the estimated trajectories of the upper arm and forearm along the 𝑥, 𝑦, 

and 𝑧 axes, together with the corresponding position errors. The plots compare the 

estimates obtained through the proposed sensor fusion approach, the IMU-only 

estimation, the event-based-only estimation, and the ground-truth data acquired 

through the Real-Sense camera. It is important to highlight that the tracking based 

solely on IMUs is independent from the Kalman filter, whereas the event camera-

based estimation relies on the configuration estimated at the previous time step. 

This dependency stems from the need to assign each detected event to the upper 

arm or the forearm segment based on the previously estimated configuration. As a 

result, the configuration estimated using only event data differs from the 

configuration produced by the same events in the fusion approach. The graphs on 

the left correspond to the ArUco marker placed on the forearm, while those on the 

right represent the marker on the upper arm. These plots provide an overview of 

the system’s capability to follow the real motion trajectory and reveal the distinct 

behavior of the three sensing modalities. As shown in the graph, the IMU-only 

tracking tends to overestimate the motion amplitude. This behavior is mainly 

attributed to the effect of linear accelerations on the orientation estimation. In 

contrast, the event camera alone is not capable of accurately tracking movements 

that occur along the optical axis. This is evident in Motion 1, which involves 

movement mainly along the optical axis of the camera. In this condition, the 

event-based-only approach shows considerably higher tracking errors compared to 

the other two methods. The loss of depth information inherent to the 2D 

projection of the event data limits the accuracy of the reconstruction. Nonetheless, 

even under this challenging condition, the sensor fusion approach maintains the 

lowest overall error, demonstrating the complementary nature of the two sensing 

modalities. A different behavior is observed for Motion 2, which occurs 

predominantly within the image plane and therefore generates a denser and more 

informative event distribution. In this case, the event-based estimation performs 

significantly better, particularly along the 𝑥 and 𝑧 directions, highlighting the 

accuracy of visual information in these axes. Although the result of sensor fusion 

is less accurate than that of the event camera, it is still more accurate than only 

using the inertial sensors. 
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Quantitatively, the comparison across all tested movements for Subject 1 

confirms that the sensor fusion approach is beneficial. On average, the sensor 

fusion configuration consistently reduces the mean Euclidean error compared to 

the IMU-only case and, in most movements, also improves upon the event-only 

estimation. The adoption of sensor fusion led to a reduction in the mean absolute 

position error compared to the IMU-only estimation, ranging from approximately 

20% to 7% for the forearm and up to 5% for the upper arm. When compared to 

the event-based-only estimation, the fusion approach achieved a decrease in error 

between 74% and 33% for all movements except Motion 2, where the error 

increased by about 24% for the forearm. For the upper arm, the error decreased by 

roughly 30% in two movements, remained unchanged or slightly higher in two 

others, and showed an 18% increase in Motion 4.  

Table 3, Table 4 and Table 5 summarize the average absolute position errors 

obtained across all experimental trials for both subjects and the mechanical 

analogue. For the artificial arm, two of the five predefined motions were not 

performed due to mechanical constraints that interfered with video acquisition. 

Overall, the mean absolute position error are comparable to those observed in the 

state of the art, listed in Table 6. The proposed arm tracking system accuracy is 

equivalent to data of [85] or higher than data in [86], [87], confirming the validity 

of the proposed approach. Systems with lower tracking errors were tested in short 

periods of time [88], less than 2 s, or adopted deep learning algorithms [89]. 

Figure 27 Position estimation from Motion 1 performed by Subject 1. The position in the 𝒙, 𝒚 and 

𝒛 coordinates and the distance error of the sensor fusion results are compared with the IMU-only 

estimation, the events-only estimation and the ground-truth. The left and right graphs report the 

ArUco on the forearm and the ArUco on the upper arm, respectively. 
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When observing the results obtained with the mechanical arm, a clear 

improvement in accuracy can be noted, particularly in Motion 2 and Motion 4, 

where the mean position errors for the forearm were 71 mm and 67 mm, 

respectively. This improvement is primarily attributed to the precise kinematic 

parameters and the absence of anthropometric uncertainty in the artificial setup. 

The mechanical model adheres more strictly to the assumptions used in the 

kinematic formulation, such as fixed segment lengths and perfect sensor 

alignment, which in human tests are difficult to guarantee. 

Table 3 Average absolute position error for each movement performed by Subject 1, reported for 

the 𝒙, 𝒚, and 𝒛 components, as well as for the Euclidean distance.  

 
Forearm (mm) Upper arm (mm) 

𝑥 𝑦 𝑧 ‖∙‖2 𝑥 𝑦 𝑧 ‖∙‖2 

Motion 1 16 52 34 67 16 34 16 44 

Motion 2 76 30 45 99 32 14 10 41 

Motion 3 83 52 33 116 30 40 12 55 

Motion 4 60 47 30 88 45 28 8 56 

Motion 5 89 61 36 122 33 24 15 47 

Figure 28 Position estimation from Motion 2 performed by Subject 1. The position in the 𝒙, 𝒚 and 

𝒛 coordinates and the distance error of the sensor fusion results are compared with the IMU-only 

estimation, the events-only estimation and the ground-truth. The left and right graphs report the 

ArUco on the forearm and the ArUco on the upper arm, respectively 
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Table 4 Average absolute position error for each movement performed by Subject 2, reported for 

the 𝒙, 𝒚, and 𝒛 components, as well as for the Euclidean distance. 

Table 5 Average absolute position error for each movement performed by the Analogue Arm, 

reported for the 𝒙, 𝒚, and 𝒛 components, as well as for the Euclidean distance. 

 
Forearm (mm) Upper arm (mm) 

𝑥 𝑦 𝑧 ‖∙‖2 𝑥 𝑦 𝑧 ‖∙‖2 

Motion 1 17 61 44 87 6 27 15 33 

Motion 2 49 33 23 71 18 14 4 26 

Motion 3 - - - - - - - - 

Motion 4 35 40 31 67 11 13 4 20 

Motion 5 - - - - - - - - 

 

Table 7 reports the mean absolute position error averaged over ten repetitions 

of each movement performed by Subject 1. In general, an increase in the overall 

error is observed compared to the single-trial experiments, with the exception of 

Motion 3. This behavior is likely due to drift accumulation in the IMU data, which 

becomes more pronounced during extended tracking sequences. Although 

assigning a greater weight to the event-based measurements in the fusion 

algorithm could potentially mitigate this drift, such an adjustment would 

progressively amplify the divergence between the configurations estimated from 

the IMUs and those inferred from the event data, ultimately leading to 

inconsistencies between the two sensing modalities. The event-based estimation 

cannot independently maintain an accurate pose estimate without a stable 

reference. Over-reliance on this modality is therefore not optimal, as the event 

camera cannot accurately track motion along the optical axis. The counter effect 

of that can be observed again in Motion 4, where the overall increase in error is 

mainly associated with a higher deviation along the 𝑦-axis. Since this movement 

does not involve significant displacement in that direction, the observed error is 

attributable to cumulative IMU drift, which the event-based measurements are 

unable to compensate. In contrast, the increased error observed in Motion 5 is 

likely caused by the intrinsic complexity of the 3D motion, which involves 

 
Forearm (mm) Upper arm (mm) 

𝑥 𝑦 𝑧 ‖∙‖2 𝑥 𝑦 𝑧 ‖∙‖2 

Motion 1 37 57 70 113 12 26 12 37 

Motion 2 56 83 35 130 21 46 12 58 

Motion 3 43 53 43 95 18 17 18 34 

Motion 4 24 72 37 96 15 64 17 71 

Motion 5 58 67 37 108 27 37 14 55 
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simultaneous rotation and translation components that challenge both sensing 

modalities.  

Table 6 Comparison of mean wrist and elbow position errors reported in the literature for 

different arm-tracking systems. 

Table 7 Average absolute position error for each movement repeated 10 times performed by 

Subject 1, reported for the 𝒙, 𝒚, and 𝒛 components, as well as for the Euclidean distance. 

 
Forearm (mm) Upper arm (mm) 

𝑥 𝑦 𝑧 ‖∙‖2 𝑥 𝑦 𝑧 ‖∙‖2 

Motion 1 59 64 44 104 15 49 18 56 

Motion 2 77 36 38 99 37 13 12 43 

Motion 3 58 40 19 81 38 45 11 64 

Motion 4 60 114 38 147 43 63 6 83 

Motion 5 85 93 63 156 34 20 15 46 

 

A closer examination of Table 3 reveals that Motions 3 and 5 consistently 

exhibit higher tracking errors compared to the others. These movements involve 

pronounced three-dimensional trajectories, where events generated by the upper 

arm and forearm often overlap in the image plane, resulting in partial occlusion 

and ambiguity in the 2D event distribution. This overlap complicates the 

optimization process, making it difficult for the event-based subsystem to 

accurately reconstruct the spatial configuration. 

The results for Subject 2 (Table 4) show an overall error magnitude 

comparable to that of Subject 1, with some motions yielding slightly lower or 

higher values. In particular, Motion 2 exhibits a higher mean error, mainly 

concentrated along the 𝑦-axis. Motion 1 also shows a noticeable increase in error 

for Subject 2, characterized by overshoots along the 𝑥 and 𝑧 axes, the principal 

directions of motion. These overshoots suggest a systematic overestimation of 

displacement, likely caused by dynamic accelerations influencing the IMU 

orientation estimation. 

Sensor Modality 
Wrist Mean 

Error (cm) 

Elbow Mean 

Error (cm) 

9-axis smartwatch IMU [89] 8.5 8.5 

6-axis smartwatch IMU [86] 16.7 11.8 

Smartwatch IMUs + Smartphone [87] 12 - 

1 IMU + OptiTrack [88] 1.75 - 

2 IMUs + 1 Potentiometer [85] 10 4 

Ours - 2 IMUs + Event Camera 9.9 4.1 
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The consistency of the results between subjects indicates that the proposed 

fusion framework generalizes well to different users, with performance mainly 

affected by small variations in sensor placement or individual motion 

characteristics. The mechanical arm results further support the conclusion that 

most of the residual errors observed in human trials arise from anatomical 

variability and minor alignment inaccuracies rather than limitations of the fusion 

algorithm itself. 

For all the trial the assumption of a stationary torso is checked analyzing the 

movement of the torso ArUco. The standard deviation of the translational 

components remained below 5 mm in every experiment, indicating negligible 

torso displacement. Likewise, the orientation was found to be highly stable, with a 

standard deviation of less than 0.5 degrees, computed as the minimal rotation 

angle between the average orientation and each individual orientation extracted 

from the ground-truth data. These results validate the use of a fixed base reference 

frame in the kinematic model. 

Another important aspect of the implemented system is its high acquisition 

rate and computational efficiency. Both the inertial and event-based sensors 

enable high-frequency data acquisition with limited processing overhead. The 

most computationally demanding operation within the algorithm is the event-

based optimization; however, even when limiting the number of iterations to a 

maximum of 500 for full-arm optimization and 200 for forearm-only 

optimization, the system consistently achieves accurate tracking results. While 

additional optimization and code refinement would be required to achieve full 

real-time capability, the current implementation already provides a strong 

foundation for practical use in real-world human–robot collaboration scenarios. 

The experimental results can also be interpreted in relation to RGB-D-based 

human-tracking solutions discussed in Chapter 2. RGB-D cameras provide direct 

depth information and are therefore well suited for full-body skeleton 

reconstruction and workspace monitoring. However, their perception pipeline 

typically requires different stages that are not trivial. These processing stages may 

introduce additional computational load and latency, especially when pose 

estimation is performed through deep learning-based methods or when multiple 

cameras are required to mitigate occlusions. 

In contrast, the proposed system relies on sparse event-based visual 

information combined with high-frequency inertial measurements. From an 

accuracy perspective, the obtained mean position errors are comparable with 

several tracking systems reported in the literature.  

From a temporal standpoint, the proposed architecture is advantageous 

because the event camera produces measurements only when visual changes 

occur, while the IMUs provide continuous high-frequency motion information. 

This reduces visual data redundancy and avoids the need to process complete 

depth frames at every time step. In the present implementation, the event-based 

optimization represents the most computationally demanding stage and was 

evaluated offline; nevertheless, accurate tracking was obtained with a bounded 

number of optimization iterations, indicating that the approach is suitable for 
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future real-time implementation after code optimization. Overall, the results 

support the use of IMU/event-camera fusion as a compact and reactive alternative 

to RGB-D-based tracking when the primary requirements are low latency, 

reduced data throughput, and responsiveness to upper-limb motion. 

It is important to emphasize that the results presented in this work were 

obtained using a specific set of parameters for both data acquisition and the fusion 

algorithm, selected after many experimental tuning. Several configurations were 

tested before converging on the final set of parameters adopted in the 

experiments. Among the various parameters, two groups were found to be 

particularly critical: those related to the event-based pose optimization and those 

defining the Kalman filter. 

The optimization parameters significantly influence the smoothness of the 

trajectories reconstructed from the event camera and their reactivity to new 

incoming events. Conversely, the parameters of the Kalman filter determine the 

degree to which the final fused estimate tends to follow either the IMU-based or 

the event-based measurements. Multiple experiments were conducted to explore 

the best trade-off, including tests with adaptive covariance matrices that varied 

according to the instantaneous state of the system. For instance, process and 

measurement noise were modelled as functions of the linear acceleration, under 

the assumption that high accelerations degrade IMU orientation accuracy. 

However, this adaptive approache did not lead to a consistent overall 

improvement. In some test conditions they produced positive effects, while in 

others they introduced instability or error amplification. For this reason, a simpler, 

fixed-parameter configuration was ultimately selected, as it provided a more 

uniform and reliable performance across all movement types and test conditions, 

even if slightly less optimal in some specific cases. 

Nevertheless, the use of adaptive covariance modelling should not be 

completely ruled out. These techniques demonstrated a noticeable impact on the 

tracking behavior and may prove beneficial once the current fusion methodology 

is refined. In particular, with the presently adopted fusion structure, it is not 

possible to deviate substantially from the pose estimated by the IMUs, which 

constrains the potential benefit of adaptive weighting strategies. This limitation 

and possible directions for overcoming it are further discussed in the next section. 

3.8 Limitations 

Despite the promising results obtained, several limitations of the current 

implementation remain and offer clear opportunities for future improvement. 

These limitations can be categorized as hardware-related, algorithmic, and 

methodological. 

From a hardware perspective, the chosen sensing components impose 

significant constraints on performance. The DAVIS240C event camera, while 

well suited for prototyping, provides limited spatial resolution, which affects the 

accuracy of the torso reference frame estimation and reduces the number of 

detectable events for optimization. The low resolution also constrains the 
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experimental setup, requiring the subject to remain relatively close to the camera 

and limiting the naturalness of the movements. Employing a higher-resolution 

event camera would increase the event density and enhance the robustness of 

visual tracking even during rapid or large-scale motions. Similarly, the MPU6050 

IMUs used in this study, although compact and cost-effective, lack the precision 

and noise stability of higher-end inertial sensors. Replacing them with more 

accurate modules would likely improve orientation estimation and reduce drift. 

A further hardware-related limitation concerns the intrinsic sensing 

characteristics of the event-based camera. Unlike RGB-D cameras, the event-

based sensor does not provide direct depth measurements. Consequently, depth-

related ambiguities cannot be resolved at the sensor level and must instead be 

addressed indirectly through the kinematic model, inertial measurements, and the 

sensor fusion strategy. This aspect is particularly relevant for motions occurring 

along the optical axis, where the lack of direct depth information reduces the 

observability of the visual subsystem. In addition, although event cameras offer 

substantial advantages in terms of temporal resolution, data sparsity, and dynamic 

range, they are currently less widespread and generally more expensive than 

commercial RGB-D cameras. Their adoption is therefore still mainly confined to 

research and laboratory environments, which may limit their immediate 

transferability to industrial applications. 

Another practical limitation concerns the wearable nature of the inertial 

sensing subsystem. Unlike purely optical solutions, IMU-based tracking requires 

the operator to wear sensors on the body, which may be undesirable in industrial 

contexts where non-intrusive perception systems are generally preferred. This 

represents a relevant trade-off between operator comfort and tracking robustness. 

However, wearable sensing technologies are now widely accepted in everyday 

applications, such as smartwatches and smartphones, and their miniaturization has 

significantly reduced their impact on user comfort. In industrial scenarios, IMUs 

can also be embedded into workwear, gloves, sleeves, jackets, or personal 

protective equipment, allowing the sensing system to be worn together with 

elements that are already part of the operator’s equipment. From a functional 

perspective, this additional requirement is compensated by important advantages: 

IMUs provide high-frequency motion information, are independent of lighting 

conditions, and remain informative even when the arm is partially occluded from 

the camera. 

From an algorithmic standpoint, the current system relies on the direct use of 

IMU-derived orientation estimates followed by inverse kinematics computation. 

While this approach simplifies implementation, it decouples the IMU estimation 

process from the Kalman filter state, leading to partial inconsistency between the 

inertial and event-based estimates. A more integrated strategy could involve 

fusing raw inertial measurements, accelerations and angular velocities, directly 

with the event-based visual data within the filtering process, choosing an early 

fusion approach. This would link the inertial information more tightly to the 

kinematic constraints of the model, potentially yielding smoother and more 

coherent estimates. Moreover, including additional parameters in the optimization 
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function to estimate depth could significantly reduce the error introduced by the 

2D projection. This could be achieved by enforcing that the lengths of the upper-

arm and forearm segments remain consistent with the spatial distribution of the 

acquired events. 

Future work may explore the implementation of a nonlinear filtering scheme, 

such as an Extended Kalman Filter or Unscented Kalman Filter, capable of 

directly handling the nonlinear kinematic relations of the upper limb. Moreover, 

adaptive covariance strategies could be incorporated into the filter, dynamically 

adjusting sensor confidence based on event rate, motion acceleration, or signal 

quality, thereby improving robustness to changing motion conditions. From a 

methodological viewpoint, the simplified kinematic model used in this study, 

assuming perfect alignment and collinearity of the shoulder, elbow, and wrist 

centers, represents an additional source of systematic error. Extending the model 

to include sensor to joint calibration could enhance realism and adaptability. 

Finally, from an application standpoint, the current implementation focuses on 

offline validation and analysis. A natural next step is the transition to real-time 

operation, to be utilized in human-robot collaboration application, where fast and 

reliable perception of human motion is essential for safety and coordination. 

In summary, while the proposed system demonstrates competitive results 

respect to existing state-of-the-art methods, substantial room for improvement 

remains in both hardware and algorithmic design. Addressing these aspects will 

enable the development of a more scalable, accurate, and adaptable multimodal 

tracking framework suitable for deployment in real-world collaborative robotic 

environments. 
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Chapter 4 

Abrupt Movements  

Human–robot collaboration relies fundamentally on the robot’s ability to 

interpret human motion in a timely and reliable manner. In typical industrial 

manipulation tasks, upper-limb movements exhibit a highly repeatable and 

controlled kinematic structure, reflecting the standardized nature of the workflow 

and the rhythmic organization of the operator’s actions. Within these conditions, 

robots can exploit predictive models, human motion tracking, and intent 

estimation frameworks to ensure fluid and safe interaction. However, external 

disturbances, lapses of attention, unexpected environmental stimuli, and 

involuntary neuromuscular reactions may induce operator abrupt movements that 

deviate significantly from the expected kinematic pattern. These gestures are 

characterized by faster movement [90] and a non-periodic execution, thereby 

compromising the assumptions of predictability that underpin most collaborative 

control architectures [91]. 

From a safety perspective, abrupt movements represent a critical condition in 

shared workspaces. Because they occur unexpectedly, they reduce the available 

reaction time for the robot and increase the likelihood of unintended contact. In 

the context of HRC, where proximity between operator and robot is intrinsic, the 

ability to promptly detect these anomalous movements is essential to mitigate 

collision risks and preserve the operator’s safety. Moreover, an abrupt movement 

performed by the operator can in turn induce unintended reactions in the robot, 

particularly in collaborative systems where human motion is directly perceived 

and incorporated into the robot control loop. Such interactions may lead to 

unstable or self-reinforcing behaviors, in which unintentional human reactions and 

robot responses mutually amplify each other, potentially resulting in hazardous 

situations. Abrupt movements therefore constitute a meaningful indicator of 

potentially unsafe conditions, and their rapid identification represents an enabling 

functionality for next-generation collaborative systems.  

This need has become even more explicit with the recent revision of the 

regulatory framework governing collaborative robotics. The ISO 10218:2025 
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standard introduces a substantial update to safety requirements by mandating the 

capability to distinguish voluntary from involuntary physical contacts between 

human and robot. This distinction reflects a shift toward more refined and 

context-aware safety mechanisms, acknowledging that involuntary contacts 

typically arise from unintentional, unexpected, or reflexive human movements. 

Such events cannot be treated as routine interactions and must instead trigger 

specific protective actions. In this regard, the recognition of abrupt, non-voluntary 

gestures is directly aligned with the intent of the updated standard: a collaborative 

application must therefore be capable not only of limiting forces and monitoring 

separation, but also of distinguishing normal, intentional motion from atypical and 

sudden movements. Accordingly, the development of methods capable of 

differentiating between standard and abrupt upper-limb movements is not merely 

a research objective but a requirement emerging from both industrial needs and 

international safety regulations. Detecting the onset of involuntary motion 

provides the robot with essential contextual information to ensure appropriate 

reactions, enabling the system to transition to safer operational modes and 

preventing hazardous interactions. Within this framework, the present work 

addresses the technical challenges associated with recognizing abrupt movements 

in real time, leveraging wearable inertial sensing and deep learning techniques to 

enhance the safety of human-centered collaborative environments. 

Although a wide range of sensing techniques and recognition methods has 

been proposed for human motion analysis, including gesture recognition, motion 

tracking, and intent estimation, these approaches generally assume that human 

movements are voluntary, coordinated, and temporally structured. Most existing 

systems are designed to classify deliberate gestures or reconstruct predictable 

kinematic patterns, and therefore rely on motion characteristics that differ 

substantially from those observed in abrupt, involuntary actions. 

In contrast, abrupt movements are non-periodic, short in duration, and 

dominated by sudden variations in acceleration. These properties reduce the 

effectiveness of conventional tracking pipelines and make the resulting motion 

difficult to anticipate, limiting the applicability of intent-prediction models and 

impairing the responsiveness of collaborative controllers. Moreover, abrupt 

gestures exhibit high variability in their kinematic and dynamic profiles, 

execution patterns, and number of involved segments [92], making them 

inherently harder to model within traditional recognition frameworks. 

Previous studies have primarily focused on characterizing the biomechanics 

and behavioral implications of impulsive or involuntary movements, rather than 

on their automatic recognition. Castellote et al. analyzed the voluntary reaction to 

startling auditory stimuli and demonstrated that such perturbations predominantly 

accelerate only the initial phase of the movement [93]. Kirschner and colleagues 

described involuntary motions as rapid, uncontrolled responses triggered by 

unexpected robot actions, showing that user training can mitigate their impact on 

safety [94].  

Although these works provide insight into the characteristics, causes, and 

effects of abrupt movements, they do not address the development of algorithms 
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capable of promptly identifying such events. A systematic methodology for 

detecting abrupt movements in real time, suitable for integration into collaborative 

robotic systems, remains largely unexplored. In addition, existing datasets 

predominantly contain voluntary gestures and lack the variability required to train 

models capable of generalizing to involuntary motions triggered by unexpected 

stimuli. Consequently, there is a clear need for algorithms that can detect abrupt 

movements with low latency and sufficient robustness for safety-critical human–

robot collaboration. 

The objective of this chapter is to develop and validate a computational 

framework for the prompt recognition of abrupt upper-limb movements using 

wearable inertial sensing and deep learning techniques. The proposed system is 

designed to distinguish standard gestures from sudden actions that may 

compromise safety during human–robot collaboration. To this end, the chapter 

presents the design of a Long Short-Term Memory (LSTM) network capable of 

identifying abrupt movements within short temporal windows and under real-time 

constraints. 

In the following sections, the development of the LSTM-based method for 

early recognition of abrupt movements is presented in detail, beginning with the 

data collection procedures required for network training, followed by the 

validation of the model, and concluding with the performance optimization for 

real-time application. 

The work presented in this chapter represents an in-depth refinement, 

reorganization and extension of the work presented in [95–99] 

4.1 Data collection 

To train an LSTM network capable of reliably distinguishing between standard 

and abrupt upper-limb movements, it is essential to collect data that are 

representative of both motion classes. For this purpose, a dedicated acquisition 

campaign was designed to reproduce movement patterns typically observed in 

industrial environments, characterized by repetitive, rhythmical gestures, and to 

embed within them a set of controlled perturbations intended to elicit abrupt, non-

volitional reactions. The resulting setup ensures the collection of high-quality 

inertial data suitable for both network training and validation under realistic yet 

controlled conditions. 60 participants were enrolled in the study ensuring 

variability and generalization. The dataset is public available at [100]. 

Experimental set-up 

The experimental design is centered around a pick-and-place task, selected 

because it closely reflects operations common in industrial settings such as 

assembly, packaging, and material handling. These tasks are highly standardized 

and performed at a regular cadence, making them ideal for representing standard 

movements. To complement this, controlled sensory stimuli were introduced to 

induce sudden reactions resembling instinctive behaviors that may occur in real 
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working scenarios, for example, reaching out to prevent an object from falling or 

raising the arm in response to a startling noise. This combination of predictable 

task execution and unpredictable perturbations enables the collection of a dataset 

that captures the contrast between coordinated, intentional motion and abrupt, 

atypical responses. 

Inertial data were acquired using wearable sensors positioned on the 

operator’s upper limb. This sensing modality is minimally intrusive and capable 

of capturing both the smooth kinematics of standard gestures and the high-

acceleration profiles typical of involuntary movements. The workstation, stimuli, 

and task structure were designed to ensure reproducibility across participants 

while allowing anthropometric adjustments to preserve natural execution. 

The workstation used during the trials is illustrated in Figure 29 and consists 

of five stations, denoted S0 through S4. Station S0 serves as the pick-up location 

and contains a set of small balls used for the task. Stations S1, S2, and S3 are 

located on the same horizontal plane and each includes an array of holes where 

the ball can be released. Prior to the experiment, each participant selects one hole 

per station to match their anthropometry and ensure comfortable reachability. 

Station S4 is positioned above the plane of the other stations, with a fixed 

elevation of 30 cm. Its horizontal distance from the operator is adjustable so that 

the movement required to reach it remains ergonomically appropriate. Unlike the 

other release stations, S4 contains a single hole. 

Each station is equipped with two LED indicators: 

• a green LED, used to signal standard pick-and-place movements. 

• a red LED, used as the visual stimulus to induce abrupt reactions. 

To emphasize the distinction between the two conditions, the red indicator 

flashes when activated, while the green indicator remains steadily illuminated for 

half of the period associated with a single task cycle. A buzzer located near station 

S1 provides the auditory stimulus used to trigger abrupt movements of the second 

type. 

Figure 29 Workstation top view. 

S0 S1
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S3
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During the experiment, the operator performs a sequence of 30 pick-and-place 

cycles. Each cycle begins with illumination of one of the green indicators, 

signaling the target station. The pace is fixed at 20 beats per minute, providing a 

consistent rhythmic structure typical of highly standardized industrial tasks. This 

regular cadence ensures that standard movements exhibit predictable kinematic 

profiles, forming a suitable baseline against which abrupt deviations can be 

identified. 

Within the 30-cycle sequence, four perturbations are introduced at 

unpredictable times: two visual and two auditory stimuli. When a red visual 

stimulus is activated, the operator must immediately redirect the motion toward 

the newly illuminated station, thus producing a sudden change of trajectory. When 

an auditory stimulus is triggered, the operator is instructed to raise the arm as 

quickly as possible, mimicking a rapid protective or reflexive action. These two 

perturbation types were intentionally chosen to generate variability in the elicited 

reactions and to replicate plausible sudden events occurring in real collaborative 

environments. 

Three configurations of the operator’s posture were tested: 

1. seated, facing the workstation, using the right arm; 

2. seated, facing the workstation, using the left arm; 

3. seated, positioned laterally to the workstation, using the left arm. 

This variability ensures that the dataset includes different arm orientations and 

movement directions while maintaining the same underlying task structure. All 

upper-limb movements were recorded using the inertial sensors throughout the 

trial, enabling precise segmentation and labelling of both standard and abrupt 

gestures. 

Data collection was performed using APDM Opal MIMUs. Each Opal unit 

integrates a tri-axial accelerometer (±200 g), a tri-axial gyroscope (±2000 deg/s), 

and a tri-axial magnetometer (±8 Gauss), with a sampling frequency of 200 Hz. 

All MIMU data were streamed and recorded through a dedicated acquisition 

computer running APDM MotionStudio. 

Figure 30 Task execution example, a) standard movements, b) visual stimulus movements 

response and c) auditory stimulus movement response. 
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The delivery and timing of visual and auditory stimuli, both for standard and 

abrupt movements, were controlled by a microcontroller (Arduino Nano, 

processor ATmega328, clock speed of 16 MHz). The Arduino managed a set of 

eight LEDs (green indicators for standard tasks and red indicators for visual 

abrupt stimuli) and a buzzer used for generating the auditory stimulus. For each 

stimulus activation, the microcontroller transmitted a timestamp to a second 

computer, allowing precise association between stimulus events and inertial data. 

To ensure consistent temporal alignment between the two systems, the Opal 

MIMUs were synchronized using the APDM synchronization box. At the 

beginning of each trial, the Arduino issued a hardware trigger to the 

synchronization unit, which in turn initiated the data acquisition procedure in 

MotionStudio. This mechanism guaranteed that all MIMU data were temporally 

aligned with the corresponding stimulus log. 

To ensure that abrupt movements occurred during an active motor phase 

rather than at rest, visual and auditory stimuli were always triggered 500 ms after 

the activation of a green LED, ensuring that the participant was already engaged 

in a standard pick-and-place action when the perturbation occurred. The overall 

control logic of the stimulus-generation algorithm is illustrated in Figure 31, and a 

simplified pseudocode representation is provided in Algorithm 3.  

The pseudocode details the logic implemented to generate the experimental 

movement sequence and to control the visual and acoustic stimuli during a trial. 

Figure 31 Logic flow of the microcontroller algorithm used to manage visual and auditory stimuli 

during the pick-and-place task. The Arduino controls the activation of green LEDs for standard 

movements and triggers either visual or acoustic alarms after a randomized selection, ensuring that 

abrupt stimuli occur during the ongoing motion phase. 

Green LED 
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In the first part, a set of constants is defined to characterize the experimental 

protocol. These include the total number of movements executed during a trial 

(N_MOV), the number of initial movements without abrupt stimuli (N_INIT), the 

duration of each movement cycle (PERIOD_MS), and the delay between the onset 

of a standard movement and the possible activation of an abrupt stimulus 

(STIM_DELAY_MS). These parameters define the temporal structure of the task 

and ensure repeatability across trials. 

The main variables include the array stationSeq, which specifies the target 

station for each movement, and two arrays (stimVis and stimAco) that store the 

indices of the movements during which visual and acoustic stimuli are triggered, 

respectively. 

The SETUP function is executed once at system startup. In this phase, the 

hardware is initialized by configuring the pins associated with the green and red 

LEDs, the buzzer, and the synchronization signal. Serial communication is opened 

to allow timestamp logging. The sequence of target stations (stationSeq) is then 

generated. Visual and acoustic stimuli are assigned randomly under predefined 

constraints: two stimuli of each type are scheduled, with one occurring in the first 

half of the trial and one in the second half, while ensuring that no stimuli are 

assigned within the initial non-abrupt movements. A final check is performed to 

avoid overlapping assignments; if two stimuli are associated with the same 

movement, the assignment procedure is repeated. 

The LOOP function manages the actual execution of the trial. After receiving 

a start command, a synchronization pulse is sent to align the external acquisition 

systems. A for loop then iterates over all movements. For each movement, the 

corresponding green LED is activated to indicate the target station, and the event 

is logged with a timestamp. After a fixed delay, the algorithm checks whether the 

current movement is associated with an abrupt stimulus. If a visual stimulus is 

required, a red LED corresponding to a station different from the currently active 

green one is selected and blinked until the end of the movement cycle. If an 

acoustic stimulus is scheduled, the buzzer is activated for a predefined duration. 

All stimulus events are logged. 

At the end of each movement period, all LEDs and the buzzer are turned off. 

This procedure is repeated until all movements in the trial have been executed. 

Each trial followed a standardized sequence to ensure repeatability and 

consistent data quality: 

1. Participant Registration and Anthropometric Measurements  

The participant completed a short form with basic information, and the 

lengths of the upper arm and forearm were measured. These measurements 

were later used to map sensor data to individual limb geometry and to 

assist in task configuration. 

2. Sensor Placement 
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Five Opal IMUs were mounted on the participant as shown in Figure 32, 

two sensors per upper limb (upper arm and forearm), one sensor placed on 

the sternum. Although the classification task relied primarily on wrist-

mounted data, additional sensors were included to ensure comprehensive 

recording.  

3. Participant Positioning and Task Familiarization 

The subject was seated in front of the workstation and received 

instructions about the task. A short familiarization phase was carried out to 

allow the participant to adjust to the task rhythm and the station layout.  

4. Execution of the Three Trial Configurations 

The participant performed the full task sequence in the three predefined 

configurations (two frontal and one lateral), with short pauses between 

conditions to reduce fatigue. During the trial, the first five movements 

were always standard, allowing the operator to establish a stable execution 

pattern before abrupt stimuli could occur. 

All inertial data were recorded for each sensor unit, including the full set of 

measurements provided by the Opal devices, in particular linear acceleration 

components, angular velocity components, and sensor orientation. In addition, the 

microcontroller logged the temporal activation of both visual and acoustic stimuli 

together with the associated target stations. All these data, along with the trial 

configuration information, were stored for subsequent processing, segmentation, 

and preparation of the dataset used for network training and validation. Figure 33 

Figure 32 Placement of the inertial sensors on the operator’s upper body. The abbreviations 

indicate the sensor locations: RUA (right upper arm), RFA (right forearm), STR (sternum), LUA (left 

upper arm), and LFA (left forearm). Each sensor is mounted according to the orientation defined by 

the local reference frame shown in the dashed box associated with each body segment. 
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shows an example of a complete acquisition obtained during one experimental 

trial. The upper plot reports the three components of linear acceleration (X, Y, and 

Z) measured by the IMU positioned on the operator’s wrist.  uperimposed on the 

inertial signals, vertical markers indicate the timing of the external events that 

structure the task execution. In particular, green vertical lines denote the 

activation of the green LEDs, corresponding to standard pick-and-place 

commands, while red vertical lines indicate the activation of visual alarm stimuli. 

Blue markers identify the activation of the acoustic alarm. 

The lower plot provides a compact representation of the task sequence, 

showing the temporal order of the target stations associated with each green LED 

activation. Each marker corresponds to one station (S1–S4), allowing a direct 

association between the commanded task sequence and the recorded kinematic 

response. Acoustic alarm events are labelled as AA (Acoustic Alarm), since they 

are not associated with any specific station but instead require a generic reflexive 

reaction from the operator. 

  

Figure 33 Example of data obtained in a trial 
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Algorithm 3 Movement generation code 

CONSTANTS 

    N_MOV      = 30 

    N_INIT       = 5 

    PERIOD_MS        = 3000      // 20 bpm 

    STIM_DELAY_MS    = 500 

 

VARIABLES 

    stationSeq[1..N_MOV]   // target station for each movement 

    stimVis[2]  // visual stimulus 

    stimAco[2]  // acoustic stimulus  

function SETUP() 

 Configure pins: greenLED[], redLED[], buzzer, syncPin 

Open serial 

Generate stationSeq[] 

stimVis = [rand(N_INIT, N_MOV/2 +1), rand(N_MOV/2 +1, 

N_MOV),] 

stimAco = [rand(N_INIT, N_MOV/2 +1), rand(N_MOV/2 +1, 

N_MOV),] 

Check stimuli overlap, if overlap assign again 

 

function LOOP() 

 wait for start command 

send sync pulse on syncPin 

 

FOR m = 1 to N_MOV 

   station = stationSeq[m] 

   t0 = current_time_ms() 

 

   turn ON greenLED[station] 

   log("STD_ON", m, station, t0) 

 

   wait STIM_DELAY_MS 

 

   IF m ==  stimVis THEN          // visual 

        abrupt_sta =  random station different from the current one 

        blink redLED[ abrupt_sta ] until t0 + PERIOD_MS 

        log("VISUAL", m, abrupt_sta, current_time_ms()) 

   ELSE IF m ==  stimAco THEN     // acoustic 

        activate buzzer for fixed time 

        log("AUDIO", m, station, current_time_ms()) 

   END 

 

   wait until current_time_ms() >= t0 + PERIOD_MS 

   turn OFF all LEDs and buzzer 

    

END 
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4.2 Data Statistics 

The quality and structure of the acquired data play a central role in the 

performance and generalizability of any machine learning algorithm. For this 

reason, a preliminary analysis of the collected inertial signals was conducted 

before defining the model architecture and the training strategy. This initial 

investigation aimed to verify how the data were distributed, to assess whether the 

patterns associated with abrupt movements were statistically distinct from those 

generated during standard task execution, and to understand the intrinsic 

variability of each class. 

A detailed examination of the abrupt movements was then carried out to 

characterize their temporal and kinematic properties, including their typical 

duration, amplitude, and signal morphology. This analysis provided insight into 

how abrupt reactions manifest in the inertial domain and clarified which signal 

components are most informative for classification. 

Building on these observations, the segmentation strategy for the time-series 

data was progressively refined. The objective was to identify window lengths and 

overlap configurations that would preserve the discriminative characteristics of 

abrupt movements while reducing the amount of information needed for each 

prediction. This refinement is essential to achieve faster detection times and 

ensure compatibility with real-time constraints in collaborative robotics 

applications. The following sections detail the analyses performed on the dataset 

and their implications for the subsequent design of the LSTM-based recognition 

framework. 

The initial analysis focused on the two kinematic signals most relevant for 

distinguishing standard and abrupt movements: the linear acceleration and the 

angular velocity measured by the MIMU positioned on the wrist of the active arm. 

All processing was performed in MATLAB. To avoid distortions related to sensor 

orientation and movement direction, the vector norm of both signals was 

computed, providing a scalar representation of their overall magnitude. An 

example of the resulting signals is shown in Figure 34.  

Following preprocessing, the continuous recordings were segmented into 

temporal windows. Segmentation was aligned with the activation of the green 

LEDs, which define the onset of each pick-and-place action. Each window had a 

duration of 3 seconds, corresponding to the period of a single task cycle. 

Windows were then labelled as standard or abrupt depending on whether a visual 

or auditory stimulus was present within that interval. This procedure generated 

two classes: 

• a standard movement class, containing 26 windows per trial 

• an abrupt movement class, containing 4 windows per trial 

For each window, the root mean square (RMS) value of the signal norm was 

computed to obtain a compact descriptor of the motion. These RMS values were 

then used to compare the two classes statistically. 
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As a first step, the normality of each group was assessed using MATLA ’s 

lillietest function. Neither the standard nor the abrupt movement distributions 

passed the normality test; consequently, all subsequent comparisons between the 

two classes were performed using statistical tests suitable for non-normally 

distributed data. Mean and standard deviation were then computed for each class 

across the three test configurations. Both metrics showed clear differences 

between standard and abrupt windows, suggesting distinct underlying motion 

characteristics, Table 8. To confirm the statistical separation between the two 

groups, a Wilcoxon rank-sum test was performed, yielding p-values well below 

0.01. The graphical representation of the data distribution is depicted in Figure 35 

in an histogram chart. 

Table 8 RMS values of accelerations and angular velocities averaged among windows (mean ± 

standard deviation), and p-values obtained from the Wilcoxon test between standard and abrupt 

values (** indicate a statistically significant difference). 

 Trial 1 Trial 2 Trial 3 

Standard Abrupt Standard Abrupt Standard Abrupt 

Acceleration  

(m/s2) 
9.96 ± 0.14 11.18 ± 1.17 9.98 ± 0.11 11.07 ± 1.01 9.96 ± 0.11 10.97 ± 0.91 

p-value <0.01** <0.01** <0.01** 

Angular 

velocity (rad/s) 
1.29 ± 0.35 2.11 ± 0.73 0.98 ± 0.25 1.94 ± 0.74 1.12 ± 0.33 1.97 ± 0.68 

p-value <0.01** <0.01** <0.01** 

Figure 34 (Top) acceleration norm and (bottom) angular velocity norm recorded during a 

complete pick-and-place trial. Grey dashed lines indicate the onset of standard events, while cyan solid 

lines correspond to visual or auditory stimuli used to elicit abrupt movements.  
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These preliminary analyses were initially conducted on raw acceleration 

signals, which include the gravitational component. Since gravity may partially 

obscure motion-related accelerations, the same statistical tests were repeated after 

removing the gravitational contribution using the orientation information provided 

by the MIMU. The separation between the two classes became even more 

pronounced when gravity was removed. Based on this observation, all subsequent 

analyses were performed using gravity-compensated acceleration signals. 

To deepen the understanding of how standard and abrupt movements evolve 

over time, the acceleration and angular velocity signals were aligned and averaged 

across all windows belonging to each class. For each time point, the inter-window 

standard deviation was also computed, allowing the estimation of the typical 

variability within each movement category. The resulting representative profiles 

are shown in Figure 36. 

The averaged signals reveal that standard movements exhibit a highly 

consistent temporal pattern: both acceleration and angular velocity remain 

relatively stable throughout the 3-second window, with limited dispersion across 

Figure 35 RMS distribution of: (a) gravity-compensated and (b) not compensate acceleration and 

(c) angular velocity for standard and abrupt movements. Bin widths were determined automatically 

using the Freedman–Diaconis rule. 
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repetitions. This behavior reflects the intrinsic repeatability of the pick-and-place 

task and confirms that standard actions are performed with controlled and 

predictable kinematics. 

In contrast, abrupt movements display a markedly different behavior. 

Following the perturbation, the acceleration and angular velocity profiles show 

rapid increase in magnitude, fluctuations and substantially higher variability 

across trials. The dispersion band is notably wider, indicating that abrupt reactions 

vary considerably in amplitude, shape, and timing. 

A key observation arises at approximately 0.5 s, which corresponds to the 

programmed delay between the activation of the green LED and the onset of an 

abrupt stimulus. Before this instant, the average profiles of abrupt and standard 

movements are almost indistinguishable, reflecting the fact that participants begin 

both movements in a similar manner. Immediately after the stimulus, however, the 

two trajectories diverge sharply: abrupt movements present a pronounced increase 

in magnitude and variability, while standard movements maintain their regular 

structure. The profiles gradually reconverge around 2 s, when both actions return 

to more stable phases. 

These observations have direct implications for the segmentation strategy 

used in the classification framework. The discriminative features of abrupt 

movements are concentrated within a relatively narrow time interval following the 

stimulus, whereas the remainder of the 3-second window contains limited useful 

information. Moreover, using full-window segments during training would 

introduce large portions of standard movement into the abrupt class, diluting the 

informative content and potentially degrading classification accuracy. 

For these reasons, the time windows were reduced and refined to isolate the 

portion of the signal where abrupt movements genuinely manifest. This 

refinement serves two fundamental objectives: 

1. Clear separation of classes during training. Shorter windows allow the 

model to receive samples that contain exclusively abrupt or exclusively 

standard content. Including long windows that combine both behaviors 

would blur the distinction between classes and reduce the network’s ability 

to learn discriminative patterns. 

2. Early detection capability. An abrupt movement typically lasts 

approximately less than 1.5 s. Using windows longer than this duration 

would dilute the impulsive component with non-informative signal 

segments and delay recognition. Since the goal of this work is to detect an 

abrupt response at its onset, training the model on entire 3-second 

movements would produce a system capable of recognizing the gesture 

only after its full execution, defeating the purpose of prompt detection in 

collaborative robotics. 
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By narrowing the temporal window around the impulsive phase, the 

segmentation better captures the distinctive signatures of abrupt behavior while 

simultaneously enabling lower-latency inference. This adjustment is therefore 

essential for developing a recognition framework suitable for real-time operation 

and aligned with safety requirements in human–robot collaboration. 

Following the temporal analysis of the complete 3-second windows, the same 

set of analyses was repeated using 0.5-second sub-windows. In this case, the 

original 3-second window was divided into six consecutive segments, which were 

kept separate to preserve the temporal structure of the full gesture and to evaluate 

how discriminative information evolves within the movement. For each sub-

window, the same characteristic indicators, such as the RMS of the acceleration 

norm, were computed across all participants and all trials. 

To quantitatively assess which sub-windows present statistically significant 

differences between abrupt and standard conditions, a Wilcoxon test was 

performed for each of the six 0.5-second segments. This analysis provides an 

objective criterion for identifying the time intervals that carry the most 

discriminative information and thus guides the definition of an optimized 

windowing strategy for subsequent model training. The p-values are reported in 

Table 9. 

Figure 36 Average temporal profiles of (top) acceleration and (bottom) angular velocity for 

standard (green) and abrupt (red) movements. Solid lines represent the mean across all windows, while 

shaded areas indicate the inter-window standard deviation. 
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Table 9, p-values from the Wilcoxon test comparing standard and abrupt movements across the 

six 0.5-second sub-windows for both acceleration and angular velocity. 

Based on the statistical analyses described above, the dataset used for training 

the neural network was constructed using 0.5-second windows. Each window was 

assigned a binary label indicating whether it belonged to the standard class (label 

= 0) or to the abrupt class (label = 1). For abrupt movements, only sub-windows 

2, 3, and 4 were labelled as abrupt, in accordance with the statistical evidence 

showing that these segments contain the most distinctive kinematic features. 

Although sub-window 5 also exhibited statistical differences, it was excluded 

because the distinction between classes diminishes in this interval and the gesture 

gradually transitions toward its final phase. Since the objective of this work is 

early detection, including later portions of the movement would not contribute to 

recognizing the onset of an abrupt reaction. Sub-windows 1, 5 and 6 obtained 

from the original 3-second abrupt windows were excluded from the dataset. 

Removing them provides a more conservative and homogeneous dataset, 

especially given the already large availability of standard samples. 

The resulting dataset is structured as follows: 

• 156 standard windows per trial, 

• 3 trials per subject, 

• 60 subjects, 

leading to a total of 156 × 3 × 60 = 28080 standard windows. 

For abrupt movements: 

• 12 abrupt windows per trial, 

• 3 trials per subject, 

• 60 subjects,  

yielding 12 × 3 × 60 = 2160 abrupt windows. 

Each 0.5-second window contains 100 samples per feature, corresponding to 

the 200 Hz sampling rate. The two selected features are the norm of the linear 

acceleration and the norm of the angular velocity, yielding a two-channel 

temporal sequence for each window. 

This dataset structure ensures a clear separation between classes, captures the 

temporal segment in which abrupt behavior manifests, and provides the neural 

network with an input format suitable for learning an accurate and prompt 

detection model. 

 
Acceleration Angular Velocity 

 (p-value) (p-value) 

Sub-window 1 0,61 0,79 

Sub-window 2 <<0,01 <<0,01 

Sub-window 3 <<0,01 <<0,01 

Sub-window 4 <<0,01 <<0,01 

Sub-window 5 <<0,01 <<0,01 

Sub-window 6 0,005 0,06 
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4.3 Network Training 

The recognition problem addressed in this work is inherently temporal: the 

distinction between standard and abrupt movements does not lie only in their 

instantaneous amplitude, but in the way acceleration and angular velocity evolve 

over time. Aggregate descriptors may mask short impulsive components or be 

biased by fast but voluntary actions. For this reason, a recurrent neural 

architecture was adopted, so that the classifier could exploit the full temporal 

history of each 0.5 s window rather than a single summary statistic. 

Among recurrent models, a Long Short-Term Memory (LSTM) network was 

selected because of its proven capability to learn long- and short-range 

dependencies in time series while mitigating vanishing-gradient effects. This 

property is particularly suitable for the present application, where the network 

must discriminate between impulsive and non-impulsive behavior using the 

temporal evolution of two kinematic quantities (norm of linear acceleration and 

norm of angular velocity). The final architecture and its hyperparameters (number 

of hidden units, dropout rate, sequence length, and layer configuration) were 

defined after a series of hyperparameter tuning experiments aimed at maximizing 

validation performance while keeping the model complexity compatible with real-

time constraints. 

Each input sample is a 0.5 s time window, represented as a sequence of 100 

time steps with two features per step. The network is composed of six layers, each 

with a specific role: 

• Sequence input layer. 

The sequenceInputLayer receives the time series in the form of a 100×2 

sequence and defines the dimensionality of the input (inputSize = 2). Its 

role is to pass the ordered temporal data to the recurrent part of the 

network without any modification of the feature space. 

• LSTM layer. 

The lstmLayer contains 100 hidden units (numHiddenUnits = 100) and is 

configured with OutputMode = "last". This layer learns temporal patterns 

and dependencies across the 100 time steps, compressing the entire 

sequence into a single latent representation at the final time step. In this 

way, the network bases its decision on the temporal evolution of the 

signals rather than on instantaneous values. 

• Dropout layer. 

The dropoutLayer applies a dropout rate of 0.5 to the output of the LSTM 

layer. Its purpose is to reduce overfitting by randomly deactivating half of 

the units during training, encouraging the network to learn more robust and 

distributed representations of the temporal patterns. 
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• Fully connected layer. 

The fullyConnectedLayer maps the latent representation provided by the 

LSTM (after dropout) to the output space of the classification problem. It 

contains two neurons (numClasses = 2), each corresponding to one of the 

target classes: standard movement and abrupt movement. 

• Softmax layer. 

The softmaxLayer converts the raw outputs of the fully connected layer 

into normalized class probabilities. This layer ensures that the network 

output can be interpreted as the likelihood of each window belonging to 

the standard or abrupt class. 

• Classification layer. 

The classificationLayer computes the loss function used during training 

(cross-entropy) and provides the interface between the network outputs 

and the training algorithm. It compares the predicted class probabilities 

with the ground-truth labels and drives the gradient-based optimization of 

all preceding layers. 

A representation of the network structure is depicted in Figure 37 
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This architecture allows the network to exploit the temporal structure of the 

kinematic signals while remaining sufficiently compact to be suitable for 

subsequent real-time implementation. 

To ensure reliable learning and generalizable performance, the training data 

were carefully constructed and partitioned following established best practices in 

supervised time-series classification. Since the number of abrupt windows was 

substantially smaller than the number of standard windows, the abrupt class 

represented the limiting factor in defining a balanced learning set. To avoid 

biasing the classifier toward the majority class, 80% of the abrupt windows were 

selected for training, and an equal number of standard windows were randomly 

sampled. This sampling was performed while ensuring appropriate randomization 

across subjects and trial configurations, preventing the network from overfitting to 

specific individuals or execution patterns. 

The remaining 20% of abrupt windows were reserved exclusively for testing. 

All standard windows not selected for training were similarly assigned to the test 

set. This strategy ensured that the test set remained substantially larger and more 

heterogeneous, providing a robust evaluation scenario that reflects the broad 

variability of standard behavior encountered in real applications. 

A strict separation between training and testing is essential in machine 

learning to prevent information leakage: if samples too similar to the training data 

appear in the test set, the resulting accuracy may significantly overestimate the 

true generalization capability of the model. By enforcing this separation at the 

subject and trial level, the classifier is evaluated on data truly unseen during 

training, yielding a more realistic assessment of its performance for real-time 

deployment. 

Figure 37 Network structure 
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To further strengthen the reliability of the training process, a 5-fold cross-

validation scheme was applied. In each fold, the balanced training set was divided 

into five partitions: four were used for model training and one for validation. This 

procedure was repeated five times so that each partition served as validation once. 

Cross-validation is particularly valuable in scenarios with class imbalance and 

inter-subject variability, as it reduces sensitivity to specific partitions of the data, 

mitigates overfitting, and provides a more stable estimate of model performance. 

The final validation accuracy was computed as the average across the five folds. 

The training itself followed the architecture described in Section 4.4. Each 

fold was trained using the Adam optimizer, with a maximum of 20 epochs, a 

mini-batch size of 27, and gradient clipping set to a threshold of 2 to ensure stable 

convergence. The network weights were shuffled at every epoch to improve 

generalization, and validation was carried out at the end of each epoch using the 

fold-specific validation set. During training, only the last hidden state of the 

LSTM was used for classification, in accordance with the network configuration. 

The performance of the trained LSTM network was evaluated using both the 

validation set and the independent test set. A standard confusion matrix was used 

to summarize the classification outcomes, and five quantitative metrics were 

computed: Accuracy, Precision, Recall, Specificity, and F1-Score. These metrics 

provide a comprehensive assessment of the classifier by capturing different 

aspects of its behavior, especially in the presence of class imbalance. A graphical 

interpretation of the classification outcome is depicted in Figure 39. 

Accuracy represents the proportion of correctly classified samples over the 

total number of predictions. It expresses the overall correctness of the model. 

Precision quantifies the proportion of samples classified as abrupt that are 

actually abrupt. High precision indicates a low rate of false positives, which is 

critical in safety-related applications, where unnecessary triggering of protective 

behaviors should be minimized. 

Recall (or sensitivity) measures the proportion of true abrupt events that were 

correctly identified. A high recall ensures that the system seldom misses a true 

Figure 38 Schematic representation of the 5-fold cross validation training implementation 
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abrupt motion, which is essential to guarantee timely reaction in collaborative 

scenarios. 

Specificity reflects the proportion of standard movements correctly identified 

as non-abrupt. This metric complements recall by describing the model’s ability to 

avoid misclassifying normal motions as abrupt. 

F1-Score is the harmonic mean of precision and recall. It provides a balanced 

measure of performance, particularly useful when the two metrics must be 

simultaneously optimized. The complete formulas are reported in Eq. (32)-(36). 

 

During training and validation, accuracy was used as the primary optimization 

metric.  

After completing the training phase, the LSTM network achieved a final 

validation accuracy of 84.7%, indicating good discriminative capability in 

distinguishing between abrupt and standard movements. The corresponding 

confusion matrix is reported in Figure 40, the complete metric is reported in Table 

10. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
  (32) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (33) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (34) 

 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
  (35) 

 𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (36) 

Figure 39 Graphical interpretation of classification outcomes and related performance metrics. 

The left diagram illustrates the two-class partition, while the right diagram shows how predicted and 

actual classes combine to form true positives (TP), true negatives (TN), false positives (FP), and false 

negatives (FN). These four components constitute the basis for computing accuracy, precision, recall, 

specificity, and F1-score. 
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For the independent test phase, the network was evaluated using the 

remaining 20% of the abrupt windows not used during training, together with all 

the standard windows excluded from the training set. The quantitative results 

obtained on the test set are summarized in Table 11. 

 

Table 10 Results metrics on the validation set 

Accuracy 84,7 % 

Precision 93,3 % 

Recall 74,7 % 

Specificity 93,7 % 

F1 Score 83,2 % 

 

Table 11 Results metrics on the test set 

The performance obtained on the independent test set highlights several 

important aspects of the classifier’s behavior. As shown in the confusion matrix in 

Figure 40b, the network exhibits a substantial number of false positives, reflected 

in the low precision (16.59%). This corresponds to a large portion of standard 

movements incorrectly classified as abrupt (top-right cell of the matrix). Two 

main factors contribute to this behavior. 

First, the test set is highly imbalanced, with the vast majority of windows 

belonging to the standard class. In such conditions, even a modest false-positive 

rate produces a large absolute number of misclassifications. Since the precision 

Accuracy 93,4 % 

Precision 16,59 % 

Recall 74,7 % 

Specificity 93,7 % 

F1 Score 27,2 % 

Figure 40 Confusion matrix obtained on the validation set a) and on the test set b).  
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metric is highly sensitive to the ratio between true positives and false positives, a 

small number of abrupt windows combined with many standard windows causes 

the precision to decrease rapidly. 

Second, although standard movements are generally characterized by low 

variability, it is plausible that some 0.5 s windows classified as standard contain 

transient fluctuations or minor irregularities. These patterns may partially 

resemble the early phase of an abrupt reaction, leading the classifier to assign 

them to the abrupt class.  

To contextualize the magnitude of the error, it is important to note that 

approximately 3.5 hours of recording were correctly classified as standard, 

whereas roughly 14 minutes were incorrectly classified as abrupt. Although this 

misclassification is not negligible, it represents a small fraction of the total 

duration of standard motion and was considered acceptable for a safety-oriented 

early-detection system, where prioritizing the avoidance of missed abrupt events 

makes false positives a safer and more conservative outcome. 

Regarding the false negatives, the recall of 74.7% indicates that most abrupt 

movements were detected correctly, but a subset was missed by the classifier. A 

detailed inspection of these cases shows that the majority correspond to sub-

window 4 of the abrupt sequence. This can be explained by the temporal 

dynamics of the reaction: for participants with faster response times, the impulsive 

component may occur entirely within sub-window 2 and 3, leaving sub-window 4 

with only residual or returning-to-baseline motion, which is less distinguishable 

from standard behavior. 

If sub-window 4 is excluded from the abrupt class definition, the number of 

missed abrupt movements decreases substantially, from the original value to 35 

misclassified samples, further supporting the hypothesis that this segment does 

not consistently contain discriminative impulsive information. 

Overall, the classifier demonstrates high accuracy (93.4%) and strong 

specificity (93.7%), meaning that standard movements are generally identified 

correctly despite the large number of false positives in absolute terms. The recall 

and F1-score reflect the expected challenges in detecting short, irregular, and 

highly variable abrupt movements, especially under the constraints of short 

temporal windows and real-time applicability. 

Considering the intended application, the performance achieved by the 

network is adequate for safety-oriented early detection. In a real collaborative 

scenario, the identification of even a single abrupt window would be sufficient to 

trigger a stop command or a warning signal, ensuring an immediate protective 

reaction of the robotic system. From this perspective, the classifier’s behavior 

aligns well with the requirements of safety-critical operation, where detecting 

potentially hazardous movements, rather than minimizing false alarms, is the 

primary objective. 

Although the conservative behavior of the classifier is appropriate from a 

safety-oriented perspective, the relatively high number of false positives may 

reduce the efficiency of the collaborative application if each isolated detection 

directly triggers a robot slowdown or stop. Future work should therefore focus on 
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improving the training strategy to reduce false-positive detections while 

preserving the ability to identify abrupt movements promptly. A first 

improvement concerns the quality of the training dataset. In particular, the 

standard class should be further refined by identifying and excluding ambiguous 

windows that, although formally labelled as standard, contain transient peaks, 

irregular executions, or motion patterns that cannot be considered fully 

representative of nominal task behavior. A second improvement consists in 

exploiting the available dataset more effectively through weighted or cost-

sensitive training. Instead of strongly reducing the number of standard windows to 

balance the dataset, class weights could be introduced to use a larger portion of 

the standard samples while accounting for the lower number of abrupt windows. 

This would expose the network to a broader variability of nominal movements 

and could improve its ability to discriminate between truly abrupt gestures and 

fast but non-critical standard motions. Moreover, an additional training stage 

could be specifically focused on false-positive samples, for example by 

identifying standard windows incorrectly classified as abrupt and reintroducing 

them as hard negative examples during retraining. Beyond the network itself, 

additional decision layers could be implemented to mitigate the practical effect of 

false positives. Finally, the actual impact of the classifier must be evaluated in a 

real collaborative environment, where operator movements are more natural and 

less constrained by the experimental setup. Such validation would allow the 

effective false-positive rate, the induced robot interruptions, and the resulting 

trade-off between safety and productivity to be assessed under realistic operating 

conditions. 

Building on these results, the next section investigates how to translate the 

trained model into a real-time implementation. Particular attention is dedicated to 

defining an optimal window-overlap strategy and assessing the computational 

latency associated with signal processing and network inference, both of which 

are essential for achieving prompt and reliable detection in practical applications. 

4.4 Network implementation 

In the previous sections, the classifier was trained and evaluated using non-

overlapping windows of 0.5 s, each providing a snapshot of the kinematic 

behavior within a fixed temporal interval. While this representation is suitable for 

offline training and analysis, the deployment of the method in a real-time context 

requires a sliding-window approach: the window is continuously shifted over the 

incoming data stream, and a classification is produced at each step. This 

mechanism allows the system to update its estimate of the current motion state as 

new samples become available. 

In this framework, the overlap between consecutive windows becomes a key 

design parameter. A larger overlap (i.e., a smaller shift between windows) 

increases the temporal resolution of the detection: the impulsive portion of an 

abrupt movement is covered by a higher number of windows, thus raising the 

probability that at least one of them will be correctly classified as abrupt. 
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Conversely, a smaller overlap reduces the number of windows but also increases 

the risk of missing short-lived impulsive events. The overlap therefore defines a 

trade-off between detection performance and computational cost. 

Another important consequence of the real-time perspective is the redefinition 

of the detection target. Rather than evaluating performance at the level of 

individual 0.5 s windows, the focus shifts to the correct classification of the entire 

3 s movement. In this context, a movement is considered correctly detected as 

abrupt if at least one window within the relevant temporal interval is classified as 

abrupt. This criterion is more consistent with the intended safety function: a single 

positive detection is sufficient to trigger a stop or warning action in the robot 

controller. To move closer to the conditions of the final application, the overlap 

analysis and real-time simulations were implemented in Python, which is more 

suitable than MATLAB for integration with deployment frameworks and 

embedded systems. The LSTM architecture and hyperparameters were replicated 

exactly, and no relevant differences in recognition performance were observed 

between the MATLAB and Python implementations. The following analyses were 

performed on a machine with the following specifications: AMD Ryzen 5 3500U 

(6 cores, from 2.10 GHz up to 4.20 GHz), AMD Radeon Vega 8 Graphics. 

For the overlap analysis, the fundamental parameters of the segmentation 

were kept consistent with the training phase. The input signal was sampled at 200 

Hz, and each analysis window had a fixed duration of 0.5 s, corresponding to 100 

samples. Let 𝐿 denote the length of the signal segment under analysis (in 

samples), 𝑊 the window length (100 samples), and 𝑆 the step size between 

consecutive windows. The number 𝑁 of generated windows can then be expressed  

as: 

 𝑁 = [
𝐿 − 𝑊

𝑆
] + 1 (37) 

The overlap percentage is defined as: 

 Overlap = 1 −
𝑆

𝑊
 (38) 

so that a larger overlap corresponds to a smaller step size and, consequently, to a 

larger number of windows per movement, a graphical illustration is presented in 

Figure 41.  
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Figure 41 Example of sliding-window segmentation of the acceleration signal for different overlap 

configurations. Each panel shows 0.5 s windows (blue rectangles) shifted along the same time series 

with decreasing step size from top to bottom, corresponding to increasing overlap 
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Overlap

Overlap

Step size

Step size

Step size
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Several overlap levels were tested, ranging from moderate overlap (e.g. 50%) 

to very high overlap (up to 99%). For each configuration, the step size 𝑆 was 

adjusted accordingly, and the resulting number of windows per 3 s movement and 

per subject was recorded, the resulting windows for each configuration are 

reported in Table 12. In the case of abrupt movements, only windows whose 

centers fell within the interval in which the impulsive response is expected 

(typically between 0.5 s and 2.0 s from movement onset) were considered 

candidates for the abrupt class. This ensured consistency with the temporal 

analysis described in Section 4.3 and avoided artificially inflating the number of 

abrupt windows by including pre- and post-response segments. A focused 

example on abrupt segmentation is depicted in Figure 42. 

Table 12 Step size, number of abrupt windows per movement, number of windows per trial,  

total windows per subject, and total abrupt windows per subject for the tested overlap levels, 50%, 

75%, 90%, 95%, and 99%. 

Intuitively, increasing the overlap leads to a denser sampling of the kinematic 

signal: the impulsive region of an abrupt movement is covered by multiple, 

strongly overlapping windows, while standard movements generate a larger set of 

windows with similar content. This increases the probability of detecting at least 

one abrupt window within an abrupt movement, but also raises the computational 

load, since both the number of windows to be processed and the frequency of 

classification calls grow with the overlap. The following sections quantify these 

effects in terms of recognition performance at movement level and in terms of 

processing time, to identify an overlap configuration that is compatible with real-

time operation. 

The first analysis considered the effect of overlap on the recognition 

performance at window level. For each overlap configuration (50%, 75%, 90%, 

95%, and 99%), the network predictions for all sliding windows were compared 

with the corresponding ground-truth labels, and confusion matrices were 

constructed. From these, accuracy, balanced accuracy, precision, recall, specificity 

and F1-score were computed, the overall results are shown in Figure 43. 

Here the balanced accuracy is introduced; this metric describes the overall 

network performance more effectively in the presence of a strongly imbalanced 

dataset.  

Overlap 
Step size 

(samples) 

Abrupt 

windows per 

movement 

Windows 

per trial 

Total 

windows 

per subject 

Total abrupt 

windows per 

subject 

50% 50 5 359 1077 60 

75% 25 9 717 2151 108 

90% 10 21 1791 5373 252 

95% 5 41 3581 10743 492 

99% 1 201 17901 53703 2412 
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Across all overlap percentages, the balanced accuracy remained 

approximately constant and above   %, indicating that the network’s ability to 

distinguish between abrupt and standard windows is not strongly affected by the 

degree of overlap.  

However, the analysis of precision, recall and F1-score for the abrupt class 

shows that window-level metrics can be difficult to interpret in this context. 

Precision values remain comparatively low and tend to decrease as the overlap 

increases, reflecting a substantial number of false-positive windows. Recall 

remains higher. This behavior can be explained by the way abrupt movements are 

distributed over multiple overlapping windows: within a single impulsive 

movement, the network may correctly identify the event but assign the abrupt 

label to a number of windows that does not exactly match the expected count. As 

a consequence, window-based metrics may penalize the classifier even when the 

movement is, in practice, correctly detected.  

Given these considerations, window-level performance is useful to verify that 

the overlap does not degrade the discriminative capability of the network, but it is 

not fully representative of the practical behavior of the system. For safety-related 

 𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
1

2
(

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
+

𝑇𝑁

𝑇𝑁 + 𝐹𝑃
)  (39) 

Figure 42 (top) Acceleration signal segmented into 3 s windows (orange dashed vertical lines), 

with the four abrupt movements (red rectangles) and the abrupt sliding windows with 50% overlap 

highlighted (yellow rectangles), (bottom) zoomed view of the fourth abrupt movement. The central 

yellow area appears brighter as a result of the overlap of multiple windows. 
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applications, what ultimately matters is whether an abrupt movement is detected 

at least once during its duration. This motivates the transition to a movement-level 

analysis. 

To align the evaluation with the intended use of the classifier, the detection 

problem was reformulated at movement level. Each 3 s movement was considered 

correctly recognized as abrupt if at least one sliding window within the movement 

was classified as abrupt; otherwise, the movement was considered standard. On 

this basis, confusion matrices were constructed for each overlap configuration by 

comparing, for all subjects and trials, the set of movements commanded as abrupt 

with those identified as abrupt by the network.  

The resulting metrics show that the network achieves high balanced accuracy, 

with values consistently above approximately 83% for all overlap percentages 

(Figure 44). This indicates a good overall ability to discriminate between abrupt 

and standard movements, independent of the chosen overlap. The introduction of 

the movement-level criterion does not modify the network itself, which is not 

retrained, nor does it alter the output of the classifier at window level. The LSTM 

still produces the same prediction for each 0.5 s window; what changes is only the 

interpretation of these predictions. In particular, the redefinition of the abrupt 

class operates solely at the decision level: windows are grouped into 3 s 

movements, and a movement is considered abrupt if at least one of its windows is 

classified as abrupt. This reformulation is introduced to approximate more closely 

how the system would behave under real operating conditions, where a single 

positive detection within a movement would be sufficient to trigger a safety 

reaction. As a consequence, the number of windows counted as abrupt for 

evaluation is reduced, while the set of standard windows and their associated false 

positives remains unchanged. 

This explains the observed decrease in precision for the abrupt class when 

switching from window-level to movement-level evaluation. By aggregating 
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windows into movements, the effective number of abrupt events becomes smaller, 

whereas the number of false positives generated on standard windows is not 

affected. The same mechanism also accounts for the further reduction in precision 

as the overlap increases: a higher overlap does not increase the number of abrupt 

movements, but it does increase the likelihood that at least one window within a 

standard movement is misclassified as abrupt, thereby raising the false-positive 

count. 

In contrast, the behavior of the recall remains very favorable. The movement-

level recall indicates that the system almost always succeeds in detecting at least 

one abrupt window within each abrupt movement. Increasing the overlap does not 

substantially change this result, because the classifier was already able to 

recognize nearly all abrupt movements even at lower overlap levels. From a safety 

perspective, this behavior is desirable: the system rarely misses truly abrupt 

movements (low false-negative rate), while a certain number of false positives, 

standard movements incorrectly flagged as abrupt, is acceptable, as it only results 

in conservative slowdowns or stops of the robot. Moreover, the stability of 

movement-level abrupt identification across different overlap percentages 

suggests that the overlap can be chosen mainly based on computational 

considerations and false positive rate, without compromising the reliability of 

abrupt-movement detection. The next section therefore focuses on the analysis of 

inference times as a function of overlap, with the aim of identifying a 

configuration that satisfies real-time constraints while preserving the movement-

level performance described above. 

 

 

In addition to recognition performance, the feasibility of deploying the 

proposed method in a real-time scenario depends critically on the computational 

cost associated with the sliding-window classification. For each overlap 

configuration, the inference time of the LSTM network was therefore quantified 
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in the same Python environment used for the overlap analysis. The laptop adopted 

for this analysis is has the following specification : AMD Ryzen 5 3500U (6 

cores, from 2.10 GHz up to 4.20 GHz), AMD Radeon Vega 8 Graphics. 

A dedicated timing analysis was carried out using the Python function 

time.perf_counter(), which provides a high-resolution wall-clock timer. The timer 

was started at the beginning of the classification process and stopped at the end of 

the computation. Two inference-time indicators were computed: 

1. Average inference time. For each subject, the time required by the 

network to classify all windows associated with that subject was 

measured. The average inference time per subject was then obtained by 

averaging these values over all 60 subjects. 

2. Total inference time. The total time required to classify the complete 

dataset (all 60 subjects) was measured by starting the timer at the 

beginning of the outer for loop, where subjects were processed one by one, 

and stopping it after the loop had completed. 

For each overlap level, the total number of windows, the average inference 

time per subject, and the total inference time are reported in Table 13. As 

expected, the computational cost is strongly influenced by the overlap: increasing 

the overlap reduces the step size between consecutive windows, thereby 

increasing the total number of windows to be processed and, consequently, the 

total inference time. 

Table 13 Average inference time across all subjects and total inference time (in seconds) for each 

overlap percentage 

For moderate overlap values (e.g. 50%–90%), the growth in the number of 

windows and the corresponding inference time remains limited. In these 

conditions, the average processing time per subject is comfortably below the 

Overlap 50% 75% 90% 95% 99% 

Average inference time (s) 1.34 2.14 4.65 9.43 63.34 

Total inference time (s) 81.95 130.67 283.76 574.95 3985.81 
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actual duration of the recordings, indicating that the classifier can operate in or 

faster than real time on a standard computer. For very high overlap values (e.g. 

95%–99%), the number of windows per movement grows rapidly (Figure 45), 

leading to a disproportionate increase in inference time while providing only 

marginal improvements in movement-level detection performance, as shown in 

the previous section. 

A further insight is provided by analyzing the average inference time per 

window, reported in Table 14. The values remain essentially constant across all 

overlap configurations, with an average classification time of approximately 1 ms 

per window. This confirms that the computational cost of a single forward pass 

through the LSTM network is relatively low and does not depend significantly on 

the overlap. The substantial differences in total and per-subject inference time 

observed for higher overlaps are therefore almost entirely attributable to the 

increased number of windows to be classified, rather than to any change in the 

per-window processing time. 

Table 14 Average time required to analyze a single window (in milliseconds) for each overlap 

percentage 

From an implementation perspective, the real-time applicability of the 

proposed method is ultimately governed by the temporal constraints imposed by 

the sliding-window scheme. In a purely serial architecture, the processing pipeline 

can be decomposed into three stages: (i) data acquisition, (ii) signal pre-

processing (e.g. computation of norms and buffering of samples into windows), 

and (iii) LSTM inference. For the system to operate in real time, the total 

processing time for one step of this pipeline must remain strictly below the step 

size of the sliding window. In other words, the sum of acquisition, pre-processing, 

and classification times must be shorter than the temporal shift between 

consecutive windows; otherwise, a new classification request would be triggered 

before the previous one has been completed, causing a growing delay that would 

progressively desynchronies the classifier from the incoming data stream, an 

example of optimal and non-optimal configuration is shown in Figure 46. 

The timing analysis presented above indicates that the per-window inference 

time is on the order of 1 ms and essentially independent of the overlap 

configuration. This suggests that the main factor affecting real-time feasibility is 

not the computational cost of the network itself, but the total number of windows 

generated by the chosen overlap. In practical terms, this means that the overlap 

should be selected so as to provide sufficient temporal resolution for abrupt-

movement detection while keeping the aggregate processing time per step 

(including pre-processing and any communication overhead) comfortably below 

the step size. Additional considerations may include the latency of data transfer 

between sensors and processing unit, the execution environment (embedded vs. 

Overlap 50% 75% 90% 95% 99% 

Average inference time 

per windows (ms) 
1.24 0.99 0.87 0.88 1.22 
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host P ), and the safety requirements on the robot’s reaction time. Taken 

together, these aspects define the operating envelope within which the proposed 

classifier can be deployed as a reliable and timely component of a real-time safety 

supervision module. 

Based on the considerations above, an overlap of 90% appears to be a suitable 

choice for the proposed system. This configuration provides a high temporal 

density of coverage, ensuring that the impulsive phase of abrupt movements is 

sampled by multiple windows, while still allowing a processing budget of 

approximately 10 ms per step, which is compatible with the inference times 

estimated for the different stages of the pipeline (pre-processing and 

classification). 

It is important to emphasize that the timing results reported here depend on 

several hardware and software factors, including processor architecture, 

implementation details, and the number of concurrent processes running on the 

system. In the offline analysis, the computational resources were largely dedicated 

to window processing, whereas in the final application the classifier will share the 

available resources with other tasks (e.g. sensor management, robot control, 

logging, user interface). As a consequence, a final tuning of the overlap and 

processing parameters will be required at deployment time, to verify that the real-

time constraints are met under the actual operating conditions and to adjust the 

configuration if necessary.  

Figure 46 Schematic representation of the temporal behavior of the sliding-window pipeline. 

(right) optimal configuration; (left) non-optimal configuration. In the optimal case, the processing time 

for acquisition, pre-processing, and classification is shorter than the step size, so each classification is 

completed before the next window is triggered. In the non-optimal case, the processing time exceeds 

the step size, causing overlapping processing blocks and an accumulating delay that progressively 

desynchronizes the classifier from the data stream. 
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4.5 Conclusion 

This chapter presented a complete framework for the prompt recognition of abrupt 

upper-limb movements based on wearable inertial sensing and an LSTM neural 

architecture, with the goal of enhancing safety in human–robot collaboration. 

Starting from the requirements imposed by the updated regulatory framework, 

particularly the need to distinguish voluntary from involuntary interactions, the 

work focused on movements that deviate from the standardized, rhythmic patterns 

typical of industrial tasks and that therefore undermine the assumptions of 

predictability on which many collaborative control strategies rely. 

A dedicated experimental protocol was designed to reproduce representative 

standard pick-and-place actions and to elicit abrupt reactions through controlled 

visual and auditory stimuli. The resulting dataset, collected from 60 participants 

and instrumented with wrist-worn MIMUs, was analyzed to characterize the 

kinematic signatures of abrupt movements and to verify their statistical 

separability from standard gestures. This analysis showed that discriminative 

information is concentrated in a limited temporal interval following the stimulus 

and led to the definition of a 0.5 s windowing strategy focused on the impulsive 

phase of the motion. 

On this basis, an LSTM network was designed and trained on two features, 

the norms of linear acceleration and angular velocity, using a balanced dataset and 

5-fold cross-validation. The model achieved a validation accuracy of 84.7% and, 

when evaluated on an independent test set, showed high accuracy and specificity, 

together with a recall that confirmed its capability to detect the majority of abrupt 

events. The relatively low precision on the test set was interpreted in light of the 

strong class imbalance and the conservative choice of favoring missed-standard 

over missed-abrupt classifications, which is consistent with the safety-oriented 

objective of the system. 

To bridge the gap between offline training and deployment, the detection 

problem was reformulated at movement level and a sliding-window scheme with 

different overlap percentages was investigated. The movement-level analysis 

demonstrated that the network maintains high balanced accuracy and recall across 

overlaps, while precision is mainly affected by the rate of false positives at 

standard movements. A detailed timing study in Python showed that the per-

window inference time is on the order of 1 ms and essentially independent of 

overlap, and that the computational cost grows primarily with the number of 

windows to be processed. 

Combining recognition performance and computational considerations, an 

overlap of 90% was identified as a suitable compromise: it provides dense 

temporal coverage of the impulsive phase and leaves a processing budget of 

approximately 10 ms per step, which is compatible with real-time constraints on 

standard hardware. At the same time, it ensures that an abrupt movement is very 

likely to be detected at least once during its duration, enabling timely triggering of 

protective actions in the robot controller. 
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Future work will focus on the integration of the proposed framework into a 

complete collaborative application, including real-time data acquisition from 

wearable sensors, embedded implementation of pre-processing and inference, and 

coupling with the robot safety controller. Additional efforts will be devoted to 

refining the decision logic (e.g. adaptive thresholds, fusion with contextual 

information), extending the approach to multi-sensor configurations or additional 

kinematic features, and validating the system in realistic industrial scenarios under 

the constraints of the current safety standards. 
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Chapter 5 

Path planning with RL 

5.1 Introduction 

The advent of collaborative robotics has progressively removed the physical 

separation between humans and robots, enabling shared workspaces in which 

close interaction is required. As a consequence, robot motion can no longer rely 

on fixed, offline pre-programmed trajectories, but must instead adapt online to the 

presence and behavior of human operators. In such contexts, robot trajectories are 

defined dynamically as a function of the current workspace conditions, including 

the operator’s position, the presence of tools, and the geometry of the manipulated 

objects. 

These requirements introduce additional constraints on motion planning, as 

the generated trajectories must simultaneously ensure task execution, internal self-

collision avoidance, and safe interaction with external entities in a highly variable 

and partially unpredictable environment. Classical motion planning algorithms 

have been extensively developed to address these challenges, including sampling-

based and optimization-based approaches such as Covariant Hamiltonian 

Optimization for Motion Planning (CHOMP), Rapidly-exploring Random Tree 

(RRT), and Probabilistic Roadmap (PRM). These methods are capable of 

generating collision-free trajectories in complex workspaces and allow 

optimization with respect to specific criteria, such as execution time or trajectory 

smoothness. 

However, despite their effectiveness, classical planners exhibit several 

limitations when applied to collaborative and highly dynamic scenarios. In 

particular, their computational cost tends to increase significantly with the 

dimensionality of the robot and the complexity of the environment, making real-

time re-planning challenging. Moreover, these algorithms typically require 

explicit modelling of constraints and cost functions, which must be carefully 

tuned to balance competing objectives such as safety, smoothness, and task 

efficiency. In environments characterized by frequent changes, such as human 
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motion or tool manipulation, classical planners often rely on repeated re-planning 

cycles, which may result in discontinuous trajectories or delayed reactions to 

external events. 

To overcome these limitations, artificial intelligence techniques, and in 

particular reinforcement learning (RL), have gained increasing attention in the 

field of robot motion planning. Reinforcement learning is a model-free machine 

learning paradigm based on trial-and-error interactions with an environment, 

enabling an agent to learn control policies for tasks of varying complexity. RL-

based approaches offer the potential to generate adaptive, continuous, and 

constraint-aware motions without relying on explicit analytical planners. 

Reinforcement learning has already demonstrated remarkable performance in 

robotic control problems, especially in locomotion and whole-body control of 

legged robots. Its extension to motion planning for collaborative manipulators 

opens new perspectives for learning proprioception-like policies that implicitly 

encode kinematic constraints, collision avoidance, and task objectives. 

The problem addressed in this chapter concerns the development of a 

reinforcement learning–based agent capable of planning and/or controlling a 

robotic manipulator such that, given an initial and a target pose, a safe and 

collision-free motion trajectory is generated. The objective is to ensure that the 

resulting motion satisfies task requirements while avoiding both internal self-

collisions and collisions with static elements of the environment. 

To this end, the problem is investigated through two different approaches, 

both relying on reinforcement learning but characterized by different levels of 

complexity and abstraction. The first, more challenging approach, aims to teach 

an agent that directly controls the manipulator joints online, generating joint-level 

commands at each time step without relying on an explicit trajectory planner. In 

this case, motion planning and control are implicitly embedded within the learned 

policy. The second approach, more closely aligned with classical motion planning 

methodologies, focuses on obtaining an agent capable of generating a feasible 

cartesian trajectory connecting the initial and final poses. The resulting trajectory 

can then be executed by a lower-level controller, preserving a clearer separation 

between planning and control. 

Despite these differences, both approaches share a common objective: 

enabling the agent to internalize the kinematic and geometric constraints of the 

robot. In particular, the learning process is designed to promote an implicit 

awareness of the manipulator’s spatial occupancy, leading to a proprioception-like 

behavior. This allows the agent to generate motions that are intrinsically collision-

free with respect to both internal robot structures and fixed elements of the 

environment, without the need for explicit collision avoidance strategies during 

execution. 

The proposed reinforcement learning framework is implemented in 

MATLAB, exploiting a simulation-based environment in which the agent 

interacts with the robot model and the surrounding workspace. The manipulator 

considered in this work is a UR3 collaborative robot. 



 

103 

 

In this chapter, the more complex joint-level control approach is first 

presented, followed by the simplified path-planning formulation, allowing a direct 

comparison between the two strategies in terms of learning complexity, 

performance, and robustness. 

Reinforcement learning: background and terminology 

Reinforcement learning is a learning paradigm within machine learning that 

addresses the problem of sequential decision making under uncertainty. Its 

defining characteristic is the ability of an autonomous agent to learn an optimal 

behavior through direct interaction with an environment, without relying on 

explicit supervision or labelled datasets. Instead, learning is driven by evaluative 

feedback in the form of scalar rewards, which quantify the desirability of the 

agent’s actions over time as illustrated in Figure 47. This formulation makes 

reinforcement learning particularly suitable for control, robotics, and decision-

making problems, where actions influence not only immediate outcomes but also 

future states of the system. 

Unlike supervised learning, where the goal is to approximate a static input–

output mapping, reinforcement learning focuses on learning a policy, i.e. a 

strategy that defines how actions are selected as a function of the current state of 

the environment. The policy is optimized to maximize a long-term objective, 

typically expressed as the cumulative reward obtained during the interaction. This 

long-term perspective distinguishes reinforcement learning from greedy or 

myopic optimization approaches and allows the agent to reason about delayed 

effects of its actions [101]. 

The reinforcement learning problem is commonly formalized using the 

framework of Markov Decision Processes (MDPs). An MDP is defined by a tuple 

(𝒮, 𝒜, 𝒫, 𝑟, 𝛾), where 𝒮 represents the set of possible states of the environment, 𝒜 

the set of available actions, 𝒫 the state transition probability distribution, 𝑟 the 

reward function, and 𝛾 ∈ [0,1] the discount factor that determines the relative 

importance of future rewards. At each discrete time step, the agent observes the 

current state, selects an action according to its policy, receives a reward, and 

Figure 47 Reinforcement Learning paradigm. 
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transitions to a new state. Through repeated interactions, the agent progressively 

improves its policy in order to maximize the expected cumulative discounted 

return. 

A fundamental concept in reinforcement learning is the notion of value 

functions. The state-value function quantifies the expected return achievable from 

a given state when following a specific policy, while the action-value function 

extends this concept to state–action pairs. These functions provide a measure of 

long-term utility and play a central role in many reinforcement learning 

algorithms, either as explicit learning targets or as internal signals guiding policy 

improvement. From an optimization perspective, reinforcement learning can be 

interpreted as the problem of estimating value functions and improving the policy 

based on these estimates. 

Reinforcement learning methods can be broadly categorized into model-based 

and model-free approaches. Model-based methods explicitly exploit a model of 

the environment dynamics to plan or simulate future outcomes, whereas model-

free methods learn optimal behavior directly from experience, without requiring 

prior knowledge of the transition dynamics. In practical applications, and 

particularly in robotics, model-free reinforcement learning is often preferred due 

to its ability to handle complex, nonlinear systems and partially unknown 

environments [102]. 

When reinforcement learning is applied to problems characterized by 

continuous state and action spaces, as is the case for robotic manipulators, 

function approximation becomes necessary. In modern reinforcement learning, 

neural networks are commonly employed to approximate policies and value 

functions, giving rise to the field of deep reinforcement learning. Among the 

various algorithmic families, actor–critic methods have emerged as a prominent 

solution for continuous control problems. These methods combine an explicit 

policy representation (the actor) with a value function estimator (the critic), 

enabling stable learning and efficient optimization in high-dimensional spaces, 

Figure 48. 
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Due to its generality and flexibility, reinforcement learning has been 

successfully applied to a wide range of domains, including game playing, 

autonomous navigation, and robotic control. In robotics, RL is particularly 

attractive because it allows control policies to be learned directly from interaction, 

potentially integrating motion generation, constraint handling, and task execution 

within a unified framework.  

5.3 Robot and set up descriptions  

The robotic manipulator employed in this study is the UR3, a six-degree-of-

freedom (6-DoF) collaborative robot developed by Universal Robots. The UR3 is 

a serial manipulator specifically designed for safe operation in shared human–

robot workspaces, making it a suitable platform for investigating learning-based 

motion planning and control strategies in collaborative scenarios, a picture of the 

robot is reported in Figure 49. 

The kinematic chain of the UR3 consists of six revolute joints, which can be 

conceptually divided into three arm joints and three wrist joints. The first three 

joints primarily contribute to positioning the end-effector within the workspace, 

while the last three joints form a non-monocentric wrist. As a result, wrist joint 

motions affect both the position and the orientation of the end-effector. 

The robot features a maximum reach of approximately 500 mm and a nominal 

payload capacity of 3 kg. All joints are subject to rotational limits of ±360 

degrees, with the exception of the terminal joint, which allows continuous 

rotation. The maximum joint velocities are 180 deg/s for the first three joints and 

360 deg/s for the wrist joints. External control commands can be issued at a 

Figure 48 Actor-Critic algorithms working principle [97] 
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maximum frequency of 125 Hz, which defines the upper bound for the control 

loop rate in the reinforcement learning environment. 

For the purposes of this study, the UR3 is modelled using the rigid-body 

representation provided by the Robotics System Toolbox in MATLAB. This 

model includes the full kinematic structure of the manipulator, joint limits, and 

coordinate frame definitions. The robot model is shown in Figure 49 (right), 

where the robot is depicted in its zero-axis configuration. In particular, the 

base_link frame and the tool0 frame, located respectively at the base and at the 

end-effector of the manipulator, play a central role in the subsequent analysis. 

These two frames are used to express the robot pose, task objectives, and 

Cartesian quantities within the reinforcement learning framework. For collision 

detection purposes, the robot geometry is approximated using simple bounding 

shapes that envelope the real body of the manipulator. This simplified 

representation enables efficient distance and collision computations while 

retaining a conservative description of the robot’s spatial occupancy, as shown in 

Figure 50. 

Figure 49 (Left) Physical UR3 collaborative robot. (Right) Corresponding UR3 model depicted in 

the zero joint configuration, highlighting the base_link and tool0 reference frames. 

Figure 50 Simplified collision model of the UR3 manipulator. The robot links are approximated 

by basic geometric primitives that conservatively envelope the real structure 

base_link
tool0
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Common Set up 

Both reinforcement learning formulations investigated in this chapter rely on 

a common experimental setup, which is shared by the two approaches. The setup 

consists of a UR3 collaborative robotic manipulator, the fixed bench on which the 

robot is mounted, and a single obstacle representing the presence of a human 

operator. A three-dimensional representation of the complete system and 

workspace is shown in Figure 51. 

The robot workspace is limited to the physical volume defined by the bench 

area. Within this constrained workspace, the robot is required to move from an 

initial pose to a target pose while avoiding collisions with the supporting bench, 

the obstacle, and its own structure. The reinforcement learning agent is therefore 

responsible for determining how the robot transitions from the initial 

configuration to the final one while satisfying all safety and feasibility constraints. 

Both the initial pose, the target pose, and the obstacle position are allowed to 

vary within the workspace boundaries enabling the evaluation of the agent’s 

ability to generalize across different task configurations while operating under a 

consistent physical and geometric setup. A further assumption concerns the 

temporal behaviour of the obstacle. In this work, the obstacle is treated as static 

during the execution of each generated trajectory. For each planning query, the 

initial point, final point, and obstacle position are sampled, and the obstacle 

remains fixed until the trajectory is completed. 

All Cartesian quantities defining the task, including poses and obstacle 

position, are expressed in the base_link reference frame, which is adopted 

throughout the chapter as the global frame of reference. 

The common setup described in this section provides a common context for 

the two reinforcement learning approaches presented in the following sections. 

Figure 51 Tridimensional representation of the environment, the base_link references frame and 

the tool0 reference frame are reported 
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5.3 Joint-control environment 

In the joint-control reinforcement learning environment, the agent is tasked 

with directly controlling the UR3 manipulator at joint level in order to move the 

robot from an initial pose to a target pose within the common experimental setup 

described in the previous section. In this formulation, no explicit trajectory 

planner or inverse kinematics solver is employed online. Instead, the agent 

generates joint-space velocity commands at each control step, while task 

objectives and safety constraints are defined in Cartesian space. 

The overall structure of the joint-control environment is illustrated in Figure 

52, which reports the Simulink implementation adopted for training. The 

environment encapsulates the kinematic model of the robot (blue boxes), collision 

checking modules (red box), reward computation (green box), and the interaction 

loop with the reinforcement learning agent (yellow box). At each time step, the 

agent receives observations describing the current state of the system and outputs 

joint velocity commands, which are applied to the robot model to update its 

configuration. The blocks PtO, d0, traj, and PtF represent, respectively, the 

obstacle position, the initial distance between the robot and the obstacle, a 

predefined trajectory, and the target point. 

Figure 52 Simulink framework utilized to perform the reinforcement learning training 
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The observations include the current joint configuration of the manipulator, 

the Cartesian position of the target, the Cartesian position of the obstacle 

representing the human operator, the current Cartesian velocity of the tool center 

point (TCP), and a step counter used as a proxy for time progression within the 

episode. Together, these quantities allow the agent to estimate the robot state, 

evaluate task progress, and reason about safety-related aspects of the motion. 

The definition of the observation and action spaces determines what the agent 

can perceive and how it can influence the environment. However, these elements 

alone are not sufficient to fully specify the reinforcement learning problem. A 

critical component is the definition of the training objective, which describes the 

desired behavior that the agent is expected to acquire through interaction with the 

environment. 

This objective is encoded through the reward function, which provides a 

scalar evaluation of the agent’s behavior at each time step. The reward function 

plays a central role in shaping the learning process, as it represents the only 

feedback signal through which the agent can assess the quality of its actions. In 

the joint-control formulation, the long-term objective is to generate robot motions 

that drive the manipulator from an initial configuration to a target pose while 

satisfying multiple, potentially competing requirements. 

This formulation represents the most challenging learning scenario 

investigated in this chapter. By acting directly in joint space, the agent is required 

to implicitly learn the mapping between joint-level actions and Cartesian task 

outcomes, effectively internalizing the inverse kinematics of the manipulator. At 

the same time, the agent must satisfy task execution requirements while avoiding 

internal self-collisions and ensuring safe interaction with the surrounding 

environment. 

Unlike classical motion planning approaches, where planning and control are 

handled by separate algorithmic modules, this joint-control formulation delegates 

both functions to a single learned policy. As a consequence, the agent must 

simultaneously address planning, control, and safety within a unified decision-

making framework, resulting in a learning problem characterized by high 

dimensionality and significant complexity. 

For this reason, a progressive training strategy is adopted, in which task 

requirements and constraints are gradually introduced to guide the learning 

process. The details of this strategy, together with the corresponding reward 

formulation and training results, are discussed in the following sections. 

Observation space, action space, and environment dynamics 

In this section, the observation space, action space, and environment 

dynamics adopted for the joint-level reinforcement learning control of the UR3 

manipulator are described.  

The agent receives a continuous observation vector composed of a total of 19 

scalar quantities, designed to provide sufficient information to characterize the 

current state of the system and the task context. The observations include: 
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• Target position (3 values): The three-dimensional Cartesian coordinates 

of the target point to be reached by the end-effector. These coordinates are 

expressed in the base_link reference frame. 

• Obstacle (operator) position (3 values): The three-dimensional Cartesian 

coordinates of the center representing the position of the obstacle. In the 

considered setup, this obstacle is static during each episode and is also 

expressed in the base_link reference frame, the obstacle is represented as a 

sphere of 10 cm of diameter. 

• Step counter (1 value): An integer counter incremented at each control 

step, providing the agent with information about the temporal progress of 

the episode. 

• Current joint configuration (6 values): The angular positions of the six 

revolute joints of the UR3 manipulator. 

• TCP Cartesian velocity (6 values): The linear 𝑣𝑇𝐶𝑃 = [𝑣x, 𝑣y, 𝑣z] and 

angular 𝜔𝑇𝐶𝑃 = [𝜔x, 𝜔y, 𝜔z] velocity components of the tool center point 

(TCP), expressed in Cartesian space. 

The action space is continuous and consists of six scalar commands, each 

representing a joint angular velocity command for the UR3 manipulator. The 

actions directly control the robot at joint level and are subject to saturation 

consistent with the physical limits of the real system. Specifically, the 

commanded joint velocities are bounded to ±180 deg/s for the first three joints 

and ±360 deg/s for the wrist joints. This constraint ensures that all actions applied 

within the simulation remain physically feasible and transferable to the real robot. 

The environment dynamics are modelled at a kinematic level. At each control 

step, the joint velocity command provided by the agent is numerically integrated 

to update the joint configuration of the manipulator. The updated joint positions 

are then used to compute the forward kinematics, yielding the current TCP 

position. The manipulator Jacobian is evaluated at the current configuration and is 

used to map joint velocities to TCP Cartesian velocities, which form part of the 

observation vector. 

The updated robot configuration is also employed to evaluate internal self-

collisions and collisions with external entities, including the static obstacle 

representing the human operator. These collision checks, together with task-

related quantities such as the distance to the target, are used to compute the 

reward signal that guides the learning process. 

An episode is terminated when one of the following conditions is met: 

1. a predefined maximum number of steps is exceeded, 

2. a collision (internal or external) occurs, 

3. the target position is successfully reached. 

Reward function design 

The reward function represents the core component of the reinforcement 

learning framework, as it constitutes the only mechanism through which the 
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desired behavior is communicated to the agent. At each interaction step, the 

reward provides a scalar evaluation of the action performed, indicating whether 

the resulting system evolution is consistent with the expected behavior. Through 

this evaluative signal alone, the agent progressively learns to discriminate 

between desirable and undesirable actions and to associate system states with 

appropriate control decisions. 

For this reason, the reward function must encode, in a quantitative form, all 

the behaviors that the agent is expected to acquire. Moreover, it is not sufficient to 

simply specify the desired behaviors: the reward must also reflect their relative 

importance. By appropriately prioritizing different objectives, the agent can learn 

which requirements are fundamental and which are secondary or preferential. The 

structure and weighting of the reward terms therefore play a decisive role in 

shaping the final policy learned by the agent. 

The reward function designed in this work aims to translate the following 

high-level training objectives into a numerical optimization problem: 

1. Task completion: The agent must be capable of completing the assigned 

task, namely driving the manipulator from an initial configuration to a 

specified target pose. 

2. Safety: The generated motion must be safe both for the manipulator and 

for the surrounding environment, including the human operator. This 

entails avoiding internal self-collisions, collisions with external objects 

such as the supporting bench, and collisions with the obstacle representing 

the operator, while maintaining appropriate safety distances. 

These objectives are inherently competing. For instance, overly prioritizing 

safety may lead the agent to adopt trivial solutions, such as remaining stationary 

to avoid any risk of collision, whereas excessive emphasis on task completion 

may result in aggressive motions characterized by high joint velocities and poor 

smoothness. Consequently, the reward design must carefully balance these 

objectives to guide the learning process towards a meaningful solution. 

To address the multi-objective nature of the problem, the reward function is 

constructed as a weighted sum of multiple terms, each associated with a specific 

aspect of the desired behavior. This decomposition allows individual objectives to 

be expressed explicitly and facilitates both tuning and interpretability of the 

learning process. 

For clarity, the reward components are grouped into two categories: 

• Task-related terms, which encourage progress towards and successful 

completion of the target-reaching task. 

• Safety-related terms, which penalize collisions and unsafe proximity to 

internal or external entities. 

In the following subsections, each group of reward terms is described in 

detail, together with the rationale behind its formulation and weighting. 

The task-related components of the reward function are designed to explicitly 

guide the agent towards successful completion of the reaching task, while 

preserving sufficient flexibility to explore alternative solutions in the presence of 

obstacles and kinematic constraints.  
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Task-related reward terms 

To limit the exploration space and stabilize the learning process, the task is 

formulated with respect to a predefined reference trajectory. Instead of allowing 

unconstrained exploration over the entire workspace, the agent is encouraged to 

follow a specific path, such that at each time step a corresponding reference point 

along the trajectory is defined. The reference path lies on a plane parallel to the 

base plane and has a parabolic shape, while the associated velocity profile is 

deliberately chosen to be non-trivial and time-varying. This design choice ensures 

that the agent is required to track a trajectory characterized by both spatial and 

temporal variability, rather than a simple constant-velocity motion. 

Let 𝑑𝑖 denote the Euclidean distance between the current TCP position and 

the reference point on the trajectory that the TCP is expected to reach at the 

current time step. This distance provides a direct measure of how well the agent is 

adhering to the desired path and timing. 

The task-related reward associated with path tracking is defined as: 

where 𝑎 and 𝑏 are positive scaling parameters. 

This logarithmic formulation was chosen to provide a strong reward gradient in 

the desired direction, particularly when the TCP is close to the reference 

trajectory. For small values of 𝑑𝑖, the reward varies rapidly, producing a 

significant learning signal that clearly indicates suboptimal tracking behaviour 

and encourages the agent to reduce the distance to the reference point. As 𝑑𝑖 

increases, the growth of the penalty term progressively attenuates, preventing 

excessively large reward magnitudes that could destabilize the training process. 

In particular, the transition from low to moderate values of 𝑑𝑖 (e.g., from 

0.1 m to 1 m) results in a reduced rate of increase of the penalty. This design 

choice avoids overly punitive rewards for large deviations, which could otherwise 

dominate the optimisation process and hinder the effective integration of 

additional reward components related to safety and motion quality. 

A constant positive reward is assigned when the TCP lies within a small 

tolerance of the reference point (𝑑𝑖 ≤ 0.005 m). This term explicitly reinforces 

correct tracking behaviour and signals to the agent that the desired trajectory and 

timing have been successfully achieved. 

Overall, this task-related reward formulation constrains exploration to the 

neighborhood of a predefined trajectory, promotes convergence towards a 

consistent path-following behavior, and provides well-shaped gradients that 

support stable learning, even when additional reward components are introduced 

to handle more complex safety-related scenarios. 

Safety-related reward terms 

Safety-related terms constitute a fundamental component of the reward 

function, reflecting the central role of safety in collaborative robotic applications. 

 𝑅 =  {
𝑎 log(𝑏 ⋅ 𝑑𝑖 + 1),   

+5,
 
if 𝑑𝑖 > 0.005 m
 if 𝑑𝑖 < 0.005 m

 (40) 
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These terms are designed to discourage robot configurations and motions that 

could result in damage to the manipulator or unsafe interactions with the 

surrounding environment, particularly with the human operator. 

A first safety-related component penalizes internal self-collisions of the 

manipulator. This term enforces awareness of the robot’s own spatial extent and 

prevents configurations in which different links intersect. When a self-collision is 

detected, a large negative reward is assigned and the episode is immediately 

terminated. This mechanism ensures that self-collision avoidance becomes an 

intrinsic property of the learned policy, rather than an external constraint enforced 

only at execution time. The same termination logic and penalty structure are 

applied in the event of collisions between the manipulator and the supporting 

bench to which it is mounted. 

Beyond binary collision events, an additional safety-related reward 

component is introduced to regulate the robot behavior in situations where the 

presence of the human body influences the motion trajectory. The primary 

objective of this term is to prevent robot motions that could be harmful to the 

operator, even in the absence of physical contact. To achieve this, robot safety is 

enforced through velocity modulation as a function of the distance between the 

end-effector and the operator. 

A safety zone is defined around the operator, within which the robot is 

required to respect a reference safety velocity 𝑣sic, chosen to be sufficiently low to 

avoid hazardous interactions. Figure 53 provides a visual representation of the 

safety-related reward landscape, illustrating how the reward varies as a function of 

the TCP position in the vicinity of the operator. The figure highlights the non-

traversable zone close to the operator, the surrounding safety region, and the 

smooth spatial decay of the reward outside these areas.  

The reward component associated with this mechanism depends on two key 

quantities: 

• 𝑑𝑜: the instantaneous Cartesian distance between the TCP and the 

obstacle; 

Figure 53 Safety-related reward surface 𝑹𝒔𝒂𝒇𝒆𝒕𝒚 around the obstacle for (left) TCP velocity 

𝒗𝐓𝐂𝐏 = 𝟐 𝐦/𝐬  and (right) 𝒗𝐓𝐂𝐏 = 𝟎. 𝟑 𝐦/𝐬. The reward exhibits a strong negative region in the 

proximity of the obstacle position PtO, corresponding to the non-traversable zone, and a 

progressively decreasing penalty with increasing distance. 

PtO PtO
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• 𝑔: a velocity-related factor defined as the absolute difference between the 

robot TCP velocity (𝑣T P) and the reference safety velocity (𝑣sic), 

When the manipulator operates outside the safety zone, this reward 

component has negligible influence, allowing the robot to move at higher 

velocities without penalization. As the robot approaches the operator, the penalty 

becomes increasingly significant, enforcing a progressive reduction of the TCP 

velocity. This design avoids abrupt changes in behavior while ensuring a smooth 

transition towards safe operation. 

The radius of the safety zone is not fixed but dynamically adapts according to 

the velocity factor 𝑔. Specifically, a variable safety distance rsafe is defined as: 

which enlarges the safety zone at higher velocities and reduces it when the robot 

is already moving close to the safety velocity. This adaptive mechanism ensures 

that velocity regulation begins earlier when the robot is fast, preventing sudden 

decelerations, while allowing more compact operation at low speeds. 

The reward term 𝑅𝑠𝑎𝑓𝑒𝑡𝑦 is defined as: 

where 𝑘 is a weighting factor controlling the severity of the penalty. The threshold 

𝑑𝑜 = 0.05 m defines a non-traversable zone, introduced to strictly prevent robot 

motion in dangerously close proximity to the operator.  

The coefficients 𝑞 and 𝑝 are defined as: 

where 𝑤 is a positive reward value (in this work 𝑤 = 0.5) assigned when the 

robot operates within the safety zone while respecting the reference safety 

velocity. The parameters 𝑎 and 𝑏 are chosen such that the reward function 

exhibits a consistent exponential profile between the boundary of the non-

traversable zone and the variable safety radius rsafe. This formulation guarantees 

that the penalty smoothly increases as the robot approaches the operator while 

moving too fast, and that it vanishes, or becomes positive, when the robot behaves 

 𝑔 = ‖𝑣sic − 𝑣T P‖ (41) 

 rsafe = 0.1 + (𝑔 − 1) ⋅ 0.02 (42) 

 𝑅𝑠𝑎𝑓𝑒𝑡𝑦 = {
−𝑘 ⋅ (𝑝 ⋅ 𝑒𝑞∙𝑑𝑜  ), if 𝑑𝑜 > 0.05 m,

−100, if 𝑑𝑜 ≤ 0.05 m,
 (43) 

 

𝑞 = {

log(10)

(0.05 − rsafe)
, 𝑔 > 0.05 

m

s
,

0, 𝑔 ≤ 0.05 
m

s
,

 

𝑝 = {

1

𝑒  𝑞 rsafe
, 𝑔 > 0.05 

m

s
,

−𝑤, 𝑔 ≤ 0.05 
m

s
,
 

(44) 
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safely. If the manipulator operates inside the safety zone while maintaining a TCP 

velocity within the tolerance of 𝑣sic, the penalty is annulled and a positive reward 

is provided, explicitly reinforcing correct and safe behaviors. This positive 

reinforcement remains valid as long as the robot stays outside the non-traversable 

zone, beyond which a constant high penalty is enforced to strongly discourage 

unsafe configurations. 

Overall, this safety-related reward formulation enables the agent to learn 

distance-aware and velocity-aware behaviors, allowing close human–robot 

interaction while maintaining safety through smooth and adaptive motion 

regulation. 

It is important to emphasize once again that the reward terms are defined in 

Cartesian space, whereas the actions generated by the agent are expressed in joint 

space. This design choice intentionally delegates the learning of inverse kinematic 

relationships to the agent, allowing the reward to be formulated at a higher level 

using physically meaningful and easily interpretable quantities. As a result, the 

agent is encouraged to implicitly learn the mapping between joint-level 

commands and Cartesian task outcomes, rather than relying on explicit analytical 

inverse kinematics solutions. 

Reset function 

The reset function is a fundamental component of the reinforcement learning 

environment, as it defines how new training episodes are initialised and therefore 

strongly influences the exploration process and the stability of learning. Its 

primary role is to reinitialise the environment to a valid and well-defined state 

whenever an episode terminates, either due to task completion, collision, or 

timeout. 

From a conceptual perspective, the reset function determines the initial state 

distribution from which the agent starts interacting with the environment. By 

appropriately designing this distribution, it is possible to expose the agent to a 

wide variety of initial conditions, thereby improving robustness and 

generalisation, or, conversely, to restrict the initial states to a limited region of the 

state space in order to stabilise early training. 

In the considered framework, the reset function is responsible for reinitialising 

all the relevant elements of the environment, including the robot configuration and 

the task-related variables. In particular, at the beginning of each episode: 

• the joint configuration of the UR3 manipulator is set to a valid initial 

configuration, consistent with joint limits and free of internal or 

external collisions; 

• the target position is initialised according to the task definition, either 

fixed or sampled within a predefined region of the workspace; 

• the position of the obstacle representing the human operator is reset to 

a predefined location; 

• the episode step counter is reset to zero. 
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The reset function also ensures that the initial state satisfies all safety and 

feasibility constraints, preventing the agent from starting an episode in an invalid 

or already penalised configuration. This aspect is particularly important in safety-

critical applications, where learning from infeasible initial conditions could bias 

the policy or slow down convergence. 

Beyond simple reinitialization, the reset mechanism plays a key role in 

controlling the difficulty of the learning problem.  

Overall, the reset function defines the boundary conditions of the 

reinforcement learning problem and directly affects exploration, convergence 

speed, and policy generalisation. For these reasons, its design must be carefully 

aligned with the objectives of the training process and the characteristics of the 

robotic task under consideration. 

Training Procedure 

The training phase represents the process through which the agent learns to 

solve the assigned task by interacting with the environment and receiving reward 

signals associated with the actions it performs. Through repeated trial-and-error 

interactions, the agent progressively refines its policy in order to maximize the 

cumulative reward defined by the reward function. 

To improve training stability and facilitate convergence, a progressive 

training strategy is adopted, as illustrated in Figure 54. Rather than imposing all 

task constraints from the beginning, the agent is guided towards the final solution 

by learning one behavior at a time. This approach is motivated by the complexity 

of the task and by the presence of multiple, potentially competing objectives, such 

as task completion, safety, and motion regularity. Introducing all constraints 

simultaneously may lead to unstable learning dynamics or convergence to poor 

local optima. 

In the progressive training framework, task complexity is gradually increased 

by: 

• incrementally activating the terms of the reward function, and 

• progressively enlarging the variability of the initial conditions defined 

by the reset function. 

In this work, the training process is structured into the following stages: 

• Training stage 1 – Path execution: 

The agent is trained to execute a predefined trajectory between fixed initial 

and final positions. The initial and final Cartesian points are kept constant, 

while the end-effector orientation is unconstrained. At this stage, collision 

checking is disabled. The objective is to allow the agent to learn basic 

path-following and velocity profiling behaviors in a simplified setting. 

• Training stage 2 – Orientation constraint: 
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A specific target orientation is imposed on the end-effector. This step 

increases task complexity by coupling position and orientation control, 

while still operating in the absence of collision constraints. 

• Training stage 3 – Internal and external collision avoidance: 

Collision checking is activated for both internal self-collisions of the 

manipulator and collisions with the supporting bench. Corresponding 

safety-related reward terms are introduced, forcing the agent to account for 

its own spatial occupancy and workspace constraints. 

• Training stage 4 – Human-aware behavior: 

An obstacle representing the human operator is introduced into the 

environment. In addition to collision avoidance, velocity regulation within 

the safety zone is enforced through the dedicated safety-related reward 

components. This final stage corresponds to the complete training scenario 

described in the previous sections. 

For each of these training stages, multiple training runs are performed by 

varying key training hyperparameters, including the maximum number of training 

episodes, the episode reward stop criteria, and the magnitude of the Gaussian 

exploration noise. These parameters govern the balance between exploration and 

exploitation during training, determining how aggressively the agent explores new 

behaviors versus refining actions that already yield high rewards.  

The reinforcement learning agent is selected among the algorithms available 

in the MATLAB Reinforcement Learning Toolbox. In this work, a Twin Delayed 

Deep Deterministic Policy Gradient (TD3) agent is adopted. TD3 is an off-policy 

actor–critic algorithm specifically designed for continuous action spaces and is 

known for its robustness to overestimation bias and its improved training stability 

compared to earlier deterministic policy gradient methods. These characteristics 

make TD3 particularly well suited for joint-level control of robotic manipulators 

and for learning in environments characterized by complex reward structures and 

safety constraints. 

 

 

Agent

Path execution

Orientation constraint

Internal and external collision avoidance

Human-aware behavior

Training

Figure 54 Progressive training strategy adopted for the joint-control reinforcement learning 

environment. Task complexity is gradually increased by sequentially introducing additional constraints, 

starting from basic path execution and extending to orientation control, internal and external collision 

avoidance, and human-aware behavior, while previously learned behaviors are preserved throughout 

the training process. 
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Results 

This section presents the results obtained in the joint-control reinforcement 

learning environment, following the progressive training strategy described in the 

previous sections. Each subsection corresponds to a specific training stage, 

reflecting the gradual increase in task complexity and constraints. Each training 

session is terminated either when the maximum number of episodes is reached or 

when the average episode reward exceeds a predefined threshold, indicating that 

the agent has successfully learned the behavior specified by the corresponding 

reward function. 

Path execution 

The first training stage aims at obtaining an agent capable of accurately 

following a predefined Cartesian trajectory without imposing any constraint on 

the end-effector orientation. A total of eight training sessions were required to 

achieve satisfactory performance. The initial sessions were primarily devoted to 

exploration of the state–action space, whereas the later sessions progressively 

refined the policy through reduced exploration noise and parameter tuning. The 

training parameters adopted in each session are reported in Table 15. As shown in 

the table, in the final training sessions the agent converges before reaching the 

maximum number of episodes, providing evidence that the behaviors encoded in 

the reward function have been successfully learned. 

Table 15 Training hyperparameters used during the progressive learning of the joint-control 

agent. The table reports the maximum number of episodes, Gaussian exploration noise standard 

deviation and bounds, and the target policy smoothing parameters adopted at each training stage. 

Quantitative results are summarized in Table 16, which reports the position 

and velocity tracking errors evaluated after the 3rd, 6th, and final training 

sessions. The results show a clear and consistent reduction of both error metrics as 

training progresses. At convergence, the agent achieves position tracking errors on 

the order of 1 mm and velocity errors of approximately 0.04 m/s. 

 

 

Max Episode 
Gaussian 

Noise std 

Gaussian 

Upper/Lower 

Limit 

Target 

Smooth 

policy. std 

Target 

Upper/Lower 

Limit 

10000/10000 0.8 ±4 0.7 ±0.9 

4000/4000 0.8 ±3 0.7 ±0.9 

2000/2000 0.7 ±2 0.7 ±0.9 

1000/1000 0.6 ±2 0.7 ±0.9 

896/1000 0.5 ±1 0.7 ±0.9 

156/500 0.3 ±0.5 0.7 ±0.9 

41/500 0.2 ±0.5 0.7 ±0.9 
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Table 16 Position and velocity tracking errors at different stages of training in the joint-control 

environment, illustrating the progressive improvement of the agent performance from early to final 

training stages. 

 

Figure 55 and Figure 57 compare the position and velocity profiles generated 

by the agent with the corresponding reference profiles. The position trajectories 

closely overlap with the target path, indicating accurate spatial tracking, as further 

confirmed by the position error plot reported in Figure 56. The velocity profiles 

exhibit small oscillations around the desired values; however, these oscillations 

remain bounded and within an acceptable range for the intended application. It 

can be observed that, at the end of the velocity profile, the agent does not reach 

zero velocity but retains a residual speed. This behavior is a consequence of the 

episode termination condition, which is triggered upon reaching the target 

position, leaving no additional time for the agent to stabilize the velocity to zero. 

Overall, the obtained performance is considered satisfactory, and the agent is 

deemed capable of reliably following the desired path under the given conditions. 

Training stage 
Position error 

(m) 

Velocity error 

(m/s) 

Early stage 0.051 0.328 

Middle stage 0.0021 0.094 

Final stage 0.0012 0.040 

Figure 55 Comparison between the Cartesian trajectory components generated by the agent 

and the target trajectory over time. 
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Figure 57 Comparison between the Cartesian velocity components generated by the agent and 

the corresponding target velocity profiles over time. 

Figure 56 Instantaneous position error between the target trajectory and the trajectory 

executed by the agent 
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Orientation Constraint 

After introducing orientation constraints, the objective was to train an agent 

capable of maintaining a constant end-effector orientation along the entire 

trajectory. Figure 58 top illustrates the variation of the tool0 reference frame 

orientation after the initial path-following training, highlighting the absence of 

explicit orientation control. 

To address this limitation, six additional training sessions were performed, as 

reported in Table 17. At the end of this tuning phase, the agent exhibits a 

significantly more stable orientation behavior, as shown in Figure 58 bottom. 

Moreover, a slight improvement in both position and velocity tracking accuracy is 

observed. This refinement can be attributed to the additional training iterations, 

which further regularized the policy and improved trajectory execution 

consistency. The final tracking errors are reported in Table 18. 

Figure 58 TCP orientation expressed in Euler angles over time, ZYX sequence. (Top) Orientation 

evolution before orientation-constrained training, showing significant variations along the trajectory. 

(Bottom) Orientation behavior after training, demonstrating stable tracking of the target orientation 

throughout the motion 
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Table 17 Training hyperparameters. The table reports the maximum number of episodes, 

Gaussian exploration noise standard deviation and bounds, and the target policy smoothing 

parameters adopted at each training stage. 

Table 18 Position, velocity and orientation tracking errors at different training stage.  

 

 

 

 

Collision checking 

In the subsequent training stage, collision checking is enabled for both 

internal self-collisions and collisions with the supporting bench. Under the 

specific test conditions considered in this work, the introduction of collision 

constraints does not significantly alter the learned policy. This behavior is 

expected, as the agent operates in close proximity to the predefined reference 

trajectory, which is collision-free by construction. 

Despite the limited impact observed at this stage, collision checking 

represents a necessary prerequisite for more complex scenarios in which the robot 

is required to deviate from the nominal trajectory, such as in obstacle avoidance 

tasks. In these cases, collision constraints play a crucial role in shaping the learned 

behavior. 

Max Episode 
Gaussian 

Noise std 

Gaussian 

Upper/Lower 

Limit 

Target 

Smooth 

policy. std 

Target 

Upper/Lower 

Limit 

5000/5000 0.7 ±3 0.7 ±0.9 

2000/2000 0.6 ±2 0.7 ±0.9 

1000/1000 0.6 ±2 0.7 ±0.9 

1000/1000 0.5 ±1.5 0.7 ±0.9 

500/500 0.4 ±1 0.7 ±0.9 

452/500 0.3 ±1 0.7 ±0.9 

Training stage 
Position error 

(m) 

Velocity error 

(m/s) 

Orientation 

error (rad) 

Middel stage 0.001 0.039 0.074 

Final stage 0.0009 0.030 0.047 
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Human-aware behavior 

At this stage of the training process, the agent has successfully learned to 

execute the predefined trajectory while maintaining the desired end-effector 

orientation. The final training stage aims at extending this capability by 

introducing the presence of an obstacle representing a human operator, requiring 

the agent to modify the previously learned motion in order to ensure safe 

interaction. 

To explicitly enforce this behavior, the obstacle is positioned directly along 

the reference trajectory that the agent has already learned to follow. In this way, 

the agent is forced to deviate from the nominal path in order to avoid the obstacle, 

rather than simply executing the previously acquired trajectory. During the 

training sessions of this stage, the obstacle position is kept fixed, allowing the 

agent to focus on learning the fundamental avoidance behavior before any further 

generalization is introduced. 

The introduction of the obstacle requires the agent to simultaneously satisfy 

path-following, orientation maintenance, collision avoidance, and velocity 

regulation constraints. Four training sessions were performed; however, these did 

not result in successful convergence of the policy. 

Specifically, the agent is able to follow the nominal trajectory up to the 

neighborhood of the obstacle, but fails to re-converge towards the reference path 

after performing an avoidance maneuver, as illustrated in Figure 59. The figure 

shows the trajectory executed by the agent after four training sessions, including 

the starting point (PtI), the target point (PtF), the reference path corresponding to 

the trajectory previously learned by the agent, and the obstacle to be avoided. 

Unlike the previous training stages, the learning process does not exhibit clear 

signs of improvement even during the early phases of training. 

This behavior suggests that the combined task complexity exceeds the 

learning capability of the joint-control formulation under the considered 

observation and reward design. The simultaneous requirements of Cartesian path 

tracking, orientation control, joint-level action generation, and safety-aware 

behavior significantly increase the dimensionality and nonlinearity of the learning 

problem. Moreover, the limited generalization observed even under highly 

constrained initial and target configurations indicates intrinsic limitations of this 

approach in practical scenarios. 

For these reasons, further training was not pursued. Instead, the insights 

gained from these results motivated the development of an alternative 

reinforcement learning formulation, characterized by a reduced problem 

complexity and improved generalization properties. This alternative approach, 

based on Cartesian path generation, is presented in the following section. 
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Figure 59 Three-dimensional comparison between the trajectory generated by the agent and the 

target path in the presence of an obstacle. While the agent successfully deviates from the nominal path 

to avoid the obstacle, it fails to re-converge towards the target trajectory after the avoidance 

maneuver. 

PtI

PtF

Obstacle
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5.4 Path planner environment 

In this second reinforcement learning formulation, a different approach is 

adopted in order to simplify the constraints imposed on the agent while preserving 

the core objective of generating safe, collision-free robot motions. Although the 

overall physical setup remains identical to the joint-level control environment, 

comprising the UR3 manipulator, the supporting bench, and an obstacle 

representing the human operator, the role assigned to the agent is substantially 

modified. 

In this formulation, the agent is no longer required to control the robot at each 

time step. Instead, it is tasked with generating a safe Cartesian trajectory 

connecting a given initial point to a target point. Once the trajectory is generated, 

classical robotic methodologies are employed to compute the inverse kinematics 

and to associate a temporal parametrization to the path. As a consequence, the 

explicit coupling between Cartesian space and joint space, previously delegated to 

the agent, is removed. Moreover, task completion is implicitly guaranteed, since 

the generated path always connects the initial and final positions by construction. 

This simplification allows the agent to focus exclusively on safety-related 

aspects, such as obstacle avoidance and collision-free path generation, without 

being burdened by low-level control or inverse kinematics learning. As will be 

shown in the following sections, this reduced problem complexity leads to 

improved training performance and enhanced generalization capabilities, 

particularly with respect to variations in the initial and target positions and in the 

location of the obstacle. 

Observation space and action spaces 

The observation space provided to the agent in this environment is continuous 

and consists of nine scalar quantities, defined as follows: 

Initial point position (3 values): Cartesian coordinates of the starting point 

of the path. 

Final point position (3 values): Cartesian coordinates of the target point. 

Obstacle position (3 values): Cartesian coordinates of the obstacle 

representing the human operator. 

All quantities are expressed in the same reference frame and fully define the 

geometric configuration of the task. 

The action space is continuous and composed of four scalar parameters, 

which are used to parametrically generate the path. Unlike the joint-control 

environment, these actions do not directly command the robot, but instead define 

the shape of the Cartesian path. 
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Path parametrization 

The path is generated using a parametric formulation defined over a 

normalized scalar variable 𝑥norm ∈ [0,1]. Three action parameters are used to 

shape the path along the normalized axis through a polynomial expression: 

where 𝑎, 𝑏, and 𝑐 are the first three components of the action vector. This 

formulation guarantees zero deviation at the beginning and at the end of the 

trajectory, while allowing flexible shaping in between. 

The resulting path is initially defined in a local reference frame and then 

mapped into the global Cartesian space by: 

1. scaling the path according to the Euclidean distance between the initial 

and final points, 

2. rotating it to align with the direction connecting the two points, 

3. translating it to the initial point position. 

In addition to path shaping, the fourth action parameter sets the plane where 

the path belongs by a rotation angle around its main direction vector. The roll 

angle is bounded through a hyperbolic tangent function to ensure smoothness and 

numerical stability: 

where 𝑑 is the fourth action component and 𝜃max is the maximum allowed 

roll angle. 

This parametrization enables the agent to generate a wide variety of smooth 

three-dimensional trajectories using a compact action representation. An 

illustration of the path constraction is reported in Figure 60. 

 𝑓path(𝑥norm) = 𝑥norm(1 − 𝑥norm)(𝑎+𝑏 𝑥norm+𝑐 𝑥norm
2 ) (45) 

 𝜃 = 𝜃maxtanh (𝑑) (46) 

Figure 60 Path construction process. a) The path is generated in a normalized space using the 

shaping parameters produced by the reinforcement learning agent. b) The path is geometrically 

mapped through scaling and rotation to align it with the direction connecting the initial and final 

points 𝒑𝑰 → 𝒑𝑭. c) The plane containing the path is subsequently rotated about the main trajectory axis 

according to the agent-controlled parameter 𝜽 

0 1

a) b) c)
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Environment dynamics and collision checking 

Once the Cartesian path is generated, the environment evaluates its feasibility 

by performing collision checks along the entire path. Both internal self-collisions 

of the manipulator and collisions with external entities (bench and obstacle) are 

considered. The orientation of the robot is constrained to be constant and with the 

𝑧-axes perpendicular to the bench surfaces. 

If a collision is detected at any point along the trajectory, the corresponding 

safety-related penalties are applied and the episode is terminated. Conversely, 

collision-free trajectories are rewarded according to the safety and motion-quality 

criteria defined in the reward function. 

Through this formulation, the environment acts as a validator of the generated 

paths, providing the agent with feedback exclusively based on global path 

properties, rather than on instantaneous control actions. 

Reward function 

In the second reinforcement learning environment, the reward formulation is 

intentionally simplified in order to reflect the reduced complexity of the learning 

problem. Since the agent is tasked exclusively with generating a collision-free 

Cartesian path between a given initial and final point, the reward function is 

composed of only two components: a collision-related penalty and a successful 

termination reward. 

As already discussed in the previous formulation, three different types of 

collisions are considered and must be avoided: internal self-collisions between the 

robot links, collisions between the manipulator and the supporting bench, and 

collisions with the obstacle representing the human operator. Depending on the 

path generated by the agent, any of these collision events may occur during 

trajectory execution. In this simplified reward structure, no distinction is made 

between the different collision types, which are all treated uniformly in order to 

reduce the dimensionality of the learning problem and allow the agent to focus 

exclusively on the global safety of the generated trajectory. 

Internal self-collisions and collisions with the bench are independent of the 

operator position and can occur at any stage of the trajectory. For this reason, the 

collision-related reward is designed to explicitly account for the point along the 

path at which the collision occurs. Unlike the joint-control environment, where 

collision penalties are constant and differentiated by collision type, in this 

formulation the penalty is defined as a function of the remaining portion of the 

path at the moment of collision. Collisions that occur during the early stages of 

the trajectory are penalized more heavily than those occurring closer to the end of 

the path, as illustrated in Figure 61. The progressive penalty structure provides an 

implicit measure of task advancement, encoding how much of the trajectory has 

been completed without collisions and guiding the agent towards the generation of 

increasingly safer paths. 
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The successful termination reward is instead defined as a constant positive 

value, assigned when the generated trajectory is entirely collision-free from the 

initial point to the target. Since task completion is guaranteed by construction in 

this environment, this terminal reward serves solely to reinforce the generation of 

safe paths and to clearly distinguish successful episodes from failed ones. 

Reset function 

In the second reinforcement learning environment, the reset function plays a 

central role in promoting the generalization capabilities of the agent and in 

enabling the learning of a robust policy across different system configurations. 

Within the common experimental setup described in the previous section, this 

translates into training the agent to generate collision-free paths for multiple 

combinations of initial positions, target positions, and obstacle locations. 

To achieve this objective, the workspace is explicitly divided into distinct 

regions, as illustrated in Figure 62, which shows the three-dimensional 

representation of the shared setup with the corresponding zones highlighted. The 

outer regions, depicted in green, define the volumes within which both the initial 

and final points of the trajectory can be sampled. The central region corresponds 

instead to the transit area, within which the obstacle representing the human 

operator is placed. The spatial boundaries of these regions are reported in Table 

19, where the corresponding extents are defined with respect to the base_link 

reference frame. 

Figure 61 Reward function associated with collision events. Collisions occurring in the early 

portion of the path generate a more severe negative reward than collisions occurring in the final stage 

of the trajectory. 
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During the reset phase, the initial and final points are independently sampled 

within the loading and unloading regions, while the obstacle position is sampled 

within the central transit region. All regions are defined as three-dimensional 

volumes, allowing variability along all spatial directions and resulting in a wide 

range of possible task configurations. This sampling strategy ensures a high 

degree of variability in both the geometric arrangement of the task and the relative 

position of the obstacle. Unlike the joint-control formulation, where start and 

target positions were fixed to stabilize learning, the path-generation environment 

explicitly exploits the reset function to expose the agent to a wide range of spatial 

configurations. 

Table 19 Spatial extent of the left, central, and right workspace regions used in the reset function. 

The limits of each region are expressed in meters with respect to the base_link reference frame. 

The adopted workspace partitioning reflects a realistic industrial scenario, in 

which distinct areas can be identified for material loading and unloading, while a 

central region is shared by the robot and the human operator during collaborative 

or transitional operations. As a result, the agent is trained under conditions that 

closely resemble practical application contexts, rather than under artificially 

constrained or purely random configurations. 

In addition to sampling task-related variables, the reset function verifies that 

the initial manipulator configuration is free from internal and external collisions. 

This check ensures that each episode starts from a valid and physically feasible 

state, preventing the agent from being penalized for invalid initial states that are 

unrelated to the path-generation task. 

Overall, the reset function defines the distribution of training scenarios and 

constitutes a key element in enabling the agent to learn general, collision-free 

path-generation strategies that are applicable across a wide range of workspace 

configurations. 

 
Left area 

limits 

Central area 

limits 

Right area 

limits 

x (m) - .  to - .2  - .2 to  .2  .2  to  .  

y (m)  .1  to  .    .1  to  .    .1  to  .   

z (m)  .    to  .1   .    to  .2   .    to  .1  

Figure 62 Schematic partitioning of the workspace used by the reset function in the path-

generation environment. The central region represents the transit area where the obstacle (human 

operator) is sampled, while the lateral regions correspond to loading and unloading zones from which 

the initial and final points of the trajectory are generated. 
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Training procedure 

In the path-generation environment, a progressive training strategy is no 

longer required, as the learning problem is characterized by a single, well-defined 

objective: the generation of collision-free path. By construction, task completion 

is guaranteed, and the agent is not required to learn low-level control or inverse 

kinematics. As a result, the training process can focus exclusively on safety-

related aspects. 

Two distinct agents are trained in this environment. The first agent considers 

the manipulator without an end-effector tool, while the second agent includes a 

gripper mounted on the robot flange. The presence of the gripper introduces an 

additional collision body, increasing the likelihood of collisions and therefore the 

complexity of the safety constraints. Despite this increased difficulty, the gripper 

configuration is essential to obtain an agent that can be deployed in realistic 

application scenarios, where tool attachments are unavoidable. 

Although a progressive increase in task complexity is not employed, multiple 

training sessions are still performed for each agent configuration. Early training 

runs are designed to promote exploration by using higher levels of stochasticity in 

the action selection, whereas later training runs focus on fine-tuning the learned 

policy by reducing exploration noise and refining the agent’s behavior. This two-

phase strategy enables the agent to first discover feasible regions of the solution 

space and subsequently converge towards more robust and reliable path-

generation policies. 

As in the joint-control environment, the reinforcement learning agent is 

implemented using the TD3 algorithm.  

Results 

As in the joint-control environment, multiple training sessions were 

performed to train the agent in the path-generation environment. The training 

hyperparameters adopted in these experiments are reported in Table 20. Unlike 

the joint-control formulation, the performance of the agent in this environment 

cannot be meaningfully quantified in terms of position or velocity tracking errors, 

since the agent does not directly control the robot motion over time. Instead, 

performance is evaluated based on the agent’s ability to generate collision-free 

path. For this reason, the primary evaluation metric adopted is the success rate of 

the path planning process. An episode is considered successful if the agent 

generates a trajectory that moves the robot from the initial condition to the final 

one without any collisions, including internal self-collisions between robot links, 

collisions with the obstacle representing the human operator, or collisions with the 

supporting bench. The success rate therefore represents the ratio between the 

number of successful, collision-free trajectories and the total number of evaluated 

trials. 
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Table 20 Training hyperparameters. The table reports the maximum number of episodes, 

Gaussian exploration noise standard deviation and bounds, and the target policy smoothing 

parameters adopted at each training stage for both the environment, with and without the gripper. 

Table 21 reports the success rates obtained at different training stages for both 

the agent trained without a gripper and the agent trained with an attached gripper. 

The results show high and stable success rate, confirming the agent’s ability to 

learn robust collision-free planning strategies. As expected, the presence of the 

gripper slightly reduces the success rate due to the increased collision geometry 

and tighter safety constraints. Nevertheless, the agent trained with the gripper 

maintains a high level of performance, demonstrating the robustness of the 

learned policy and its suitability for realistic application scenarios. In addition to 

quantitative evaluation, Figure 63 illustrates a representative example of a 

trajectory generated by the trained agent. The figure highlights the ability of the 

planner to produce smooth Cartesian paths that successfully avoid the obstacle 

while connecting the randomly sampled initial and final points.  

 

 

Max Episode 
Gaussian 

Noise std 

Gaussian 

Upper/Lower 

Limit 

Target 

Smooth 

policy. std 

Target 

Upper/Lower 

Limit 

2000/2000 0.6 (+/-) Inf 0.5 (+/-) 0.5 

2000/2000 0.6 (+/-) Inf 0.4 (+/-) 0.5 

1000/1000 0.5 (+/-) Inf 0.3 (+/-) 0.5 

1000/1000 0.4 (+/-) Inf 0.2 (+/-) 0.5 

500/500 0.3 (+/-) Inf 0.15 (+/-) 0.5 

500/500 0.3 (+/-) Inf 0.1 (+/-) 0.5 
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Table 21 Success rates of collision-free path generation at different training stages for the path-

generation environment, comparing agent performance with and without the gripper attached. 

 

 

 

 

 

 

Comparison with traditional motion planning approaches 

To better contextualize the proposed reinforcement learning-based path 

planner, it is necessary to compare it with established motion planning methods 

reported in the literature, in order to clarify its distinctive characteristics, 

strengths, and limitations. For this purpose, this section briefly reviews the main 

families of traditional motion planning techniques, emphasizing their underlying 

principles and relevant performance indicators. In particular, traditional motion 

planning methods are broadly classified into sampling-based planners, 

optimization-based planners, artificial potential field methods, and model-

predictive approaches. 

Sampling-based planners are among the most widely adopted methods for 

robotic manipulators, particularly in high-dimensional configuration spaces. 

These algorithms explore the robot configuration space by generating random or 

pseudo-random samples and connecting them through feasible local motions. 

Representative examples include the PRM, RRT, RRT-Connect, RRT*, KPIECE, 

BKPIECE and related variants [103–105]. Their main advantage is their ability to 

solve complex planning problems without requiring an explicit analytical 

representation of the free space. Instead, they rely on a robot kinematic model and 

a collision checker to determine whether sampled configurations and connecting 

Training stage 
No gripper 

Successful rate  

With gripper 

Successful rate  

Early stage 87% 82% 

Middle stage 92% 90% 

Final stage 96% 94% 

Figure 63 Examples of a collision-free Cartesian path generated by the reinforcement learning 

agent. The gold curve represents the path planned by the RL policy, the blue sphere denotes the 

obstacle representing the human operator, and the robot is shown in its initial configuration.  
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motions are feasible. This makes them suitable for articulated manipulators 

operating in cluttered environments. 

Among these methods, RRT and RRT-Connect are commonly used for single-

query planning because they rapidly expand trees toward unexplored regions of 

the configuration space. RRT-Connect further improves the exploration process 

by growing two trees, one from the initial configuration and one from the goal 

configuration, and attempting to connect them. RRT* extends the basic RRT 

formulation by introducing an asymptotic optimality property, although this 

improvement is generally obtained at the cost of increased computational time. 

Other planners, such as KPIECE and BKPIECE, exploit projections of the 

configuration space to guide exploration and improve performance in constrained 

or high-dimensional problems. 

The main strength of sampling-based planners is their relatively high success 

rate in finding collision-free paths, especially when sufficient planning time is 

available. However, the paths generated by these algorithms are often 

geometrically irregular, non-smooth, and not directly suitable for execution 

without post-processing. For this reason, smoothing or time-parameterization 

procedures are commonly applied after path generation. Moreover, sampling-

based planners are generally designed for planning in a static representation of the 

environment. When obstacles move, the planner must be repeatedly invoked, 

which may increase computational cost and limit responsiveness in highly 

dynamic human–robot interaction scenarios [104]. 

A second important class of methods is represented by optimization-based 

motion planners. Instead of constructing a path through random sampling, these 

approaches formulate motion planning as the minimization of a cost function 

defined over a complete trajectory [106]. The cost function typically includes 

terms related to obstacle avoidance, trajectory smoothness, path length, joint 

limits, velocity or acceleration constraints, and, in some cases, dynamic 

feasibility. Representative examples include CHOMP, STOMP, TrajOpt, and 

Gaussian-process-based motion planning methods such as GPMP and GPMP2. 

CHOMP formulates trajectory generation as a covariant gradient-based 

optimization problem [107]. It starts from an initial trajectory and iteratively 

deforms it to reduce obstacle-related costs while preserving smoothness. Its main 

advantage is the ability to generate smooth trajectories by explicitly optimizing a 

functional defined over the path. However, because it is a local optimization 

method, its performance depends strongly on the quality of the initial trajectory 

and it may converge to local minima, especially in cluttered environments or 

narrow passages. 

STOMP addresses some of these limitations by using a stochastic trajectory 

optimization strategy [108]. Instead of relying on analytical gradients, it samples 

noisy trajectory variations and updates the nominal trajectory according to their 

associated costs. This allows STOMP to optimize non-differentiible or complex 

cost functions, including obstacle avoidance, smoothness, torque, or energy-

related terms. Nevertheless, the sampling process may increase computational 
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time, and the method still requires an initial trajectory and iterative optimization 

for each planning query. 

TrajOpt is another optimization-based planner that formulates motion 

planning as a sequential convex optimization problem [109]. It approximates non-

convex collision-avoidance constraints through convex formulations and 

iteratively solves a sequence of optimization problems. One of its relevant 

features is the possibility of performing continuous-time collision checking, 

reducing the risk of collisions occurring between discrete waypoints. This is 

particularly important for robotic manipulation, where a trajectory that is 

collision-free at sampled configurations may still collide with obstacles during 

interpolation. TrajOpt can generate high-quality trajectories efficiently, but, 

similarly to other local optimization methods, it depends on initialization and does 

not provide global optimality guarantees. 

Gaussian-process-based motion planners, such as GPMP and GPMP2, 

formulate motion planning as probabilistic inference. The trajectory is represented 

as a continuous-time function with a Gaussian-process prior, and obstacle 

avoidance, smoothness, and goal constraints are represented as factors in a graph. 

This formulation enables efficient trajectory optimization and allows the 

computation of smooth continuous-time trajectories. Incremental variants, such as 

iGPMP2, are particularly relevant for replanning, since they can update a 

previously computed solution when the environment changes. These methods are 

therefore well suited for discussing online adaptation, although they still require 

an explicit model, collision information, and iterative numerical optimization 

[110]. 

Artificial Potential Field methods represent a simpler and more reactive 

family of motion planning strategies. In these approaches, the robot is treated as a 

point or articulated structure subject to virtual forces: attractive forces pull the 

robot toward the goal, while repulsive forces push it away from obstacles. The 

resulting motion is obtained by following the negative gradient of the artificial 

potential function [111]. The main advantage of these methods is their low 

computational cost, which makes them attractive for real-time obstacle avoidance 

and local reactive control. However, artificial potential field methods suffer of 

some limitations. The most critical issue is the possible convergence to local 

minima, where the attractive and repulsive forces cancel each other before the 

robot reaches the goal. In addition, the generated paths may exhibit oscillations 

near obstacles or in narrow passages, and the method does not inherently 

guarantee global feasibility. For manipulators, the design of potential functions in 

joint space or Cartesian space can also become non-trivial, especially when 

multiple links, self-collisions, and human-aware safety distances must be 

considered. Despite these limitations, potential-field-based approaches remain 

relevant as local reactive layers or as components of hybrid motion planning 

architectures [112]. 

Model predictive control (MPC) and receding-horizon approaches provide 

another class of model-based strategies, particularly relevant when dynamic 

constraints and moving obstacles must be considered. In these methods, the 
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planner repeatedly solves a finite-horizon optimization problem using the current 

state of the robot and the environment. Only the first part of the optimized control 

sequence is applied, and the optimization is then repeated at the next time step 

using updated sensory information. This receding-horizon structure enables online 

adaptation to changes in the workspace and is therefore well suited for dynamic 

environments [113]. 

In robotic manipulation, model predictive approaches can explicitly 

incorporate kinematic and dynamic constraints, joint limits, velocity limits, 

acceleration limits, collision-avoidance constraints, and task objectives. When 

combined with control barrier functions, they can also provide a formal 

mechanism to enforce safety constraints, such as maintaining a minimum distance 

from obstacles or human operators. Their main drawback is the computational 

burden associated with solving constrained optimization problems online. The 

feasibility of these methods therefore depends on the complexity of the robot 

model, the prediction horizon, the number of constraints, and the required control 

frequency. 

From the perspective of collaborative robotics, these traditional approaches 

offer complementary strengths. Sampling-based methods provide robust path 

feasibility in complex configuration spaces; optimization-based methods improve 

trajectory quality and smoothness; potential-field methods offer fast local 

reactivity; and MPC-based approaches enable online adaptation under explicit 

kinematic or dynamic constraints. At the same time, each family presents 

limitations when applied to human–robot collaboration. Sampling-based methods 

may require repeated replanning in dynamic environments; optimization-based 

methods may be sensitive to initialization and computationally demanding; 

potential-field methods may suffer from local minima; and MPC-based methods 

require accurate models and efficient online solvers. 

These characteristics provide the basis for positioning the reinforcement 

learning path-generation method proposed in this work. The objective of the 

comparison is not to establish a direct benchmark against all traditional planners, 

since reported results in the literature are obtained on different robots, 

workspaces, obstacle configurations, and hardware platforms. Rather, the aim is to 

contextualize the proposed method with respect to established motion planning 

strategies using commonly adopted quantitative indicators, primarily success rate 

and trajectory generation time. These metrics allow the proposed planner to be 

discussed in relation to classical model-based approaches, highlighting both its 

potential advantages in terms of fast inference after training and its limitations 

regarding formal guarantees and online replanning. 

To contextualize the proposed method, a literature-based comparison was 

carried out by identifying studies in which robotic manipulator motion planners 

were evaluated under conditions comparable to those considered in this work. 

Among the analyzed contributions, the review by Liu et al. [112] is particularly 

relevant, as it includes a benchmarking study in which different motion planning 

algorithms are implemented and tested in a manipulation scenario involving pick-

and-place operations and an obstacle within the robot workspace. The study 
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compares planners belonging to different methodological families, including 

sampling-based, artificial-potential-field-based, optimization-based, and learning-

based approaches, and reports quantitative performance indicators such as success 

rate and planning time. 

The results reported in that study are used here as a reference for positioning 

the proposed reinforcement learning-based path-generation method with respect to 

established motion planning strategies. It should be noted, however, that these 

results are not directly superimposable on those obtained in this thesis. The 

robotic platform, workspace geometry, obstacle configuration, planner 

implementation, hardware, and task constraints differ from those adopted in the 

present simulations. Therefore, the comparison should not be interpreted as a 

direct benchmark, but rather as a literature-based contextual analysis aimed at 

highlighting the relative advantages and limitations of the proposed approach. 

In the proposed framework, path generation and trajectory generation are 

treated as two distinct stages. First, the learned planner generates a collision-free 

Cartesian path. Then, a subsequent post-processing stage maps this path into the 

robot joint space and assigns a temporal law to obtain an executable trajectory. 

This distinction is important when comparing the proposed method with literature 

results, since the reported computation time includes the complete implemented 

pipeline and not only the inference of the learned policy. 

To evaluate the proposed algorithm, 1000 pick-and-place planning queries 

were generated. The initial point, final point, and obstacle position were 

randomized using the same procedure adopted during the training phase. Two 

main performance indicators were computed: the success rate and the trajectory 

generation time. A planning query was considered successful when the algorithm 

generated a trajectory satisfying two conditions: absence of collision between the 

robot and the obstacle, and absence of self-collision. 

All computation times reported for the proposed method were measured on a 

laptop equipped with a 12th Gen Intel(R) Core(TM) i7-12650H processor at 2.30 

GHz, 16 GB RAM, and an NVIDIA GeForce RTX 3050 Laptop GPU with 6 GB 

memory. The GPU was not used during the computation. The tests were 

performed in MATLAB 2025b under Windows 11. 

In this analysis, the reported trajectory generation time refers to the complete 

planning pipeline implemented in this work. It includes the generation of the 

Cartesian path, its mapping into the robot joint space, and the assignment of a 

specific temporal law to obtain an executable robot trajectory. The proposed 

planner achieved an average trajectory generation time of 12 ms and a success 

rate of 95%, consistent with the performance observed during the final stages of 

training. The inference time of the neural network was also measured separately, 

resulting in an average value of 1.2 ms. This result indicates that most of the 

computational burden is associated with the post-processing stage, particularly 

with the conversion of the Cartesian path into a joint-space trajectory, rather than 

with the execution of the learned policy itself. 
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Table 22 Comparison between the proposed reinforcement learning-based path-generation 

method and motion planning approaches reported in [112] 

Method Type Time (ms) Success rate (%) 

A∗ Graph search 403 100 

    
 

 

RRT 

Sampling-based 

algorithms 

45.3 99.8 

Bias-goal RRT 3.83 98.2 

RRT-connect 1.02 100 

RRT ∗ 593 98.3 

PRM 1410 100 

 IT ∗ 377 99.8 

    
 

 

APF APF 0.667 100 

    
 

 

TrajOpt 
Optimization-based 

algorithms 

371 98.8 

CHOMP 316 99.7 

STOMP 4030 83 

    
 

 

DDPG 

RL-based algorithms 

14.6 99.90 

TD3 14.7 100.00 

SAC 19.8 99.90 

Proposed 12.6 95.00 

 

The results reported in Table 22 show that the proposed method achieves a 

favourable trade-off between trajectory generation time and planning success. The 

average generation time is 0.0126 s, which is considerably lower than the times 

reported for graph-search, most sampling-based planners, and optimization-based 

approaches such as TrajOpt, CHOMP, and STOMP. In particular, the proposed 

method is approximately one order of magnitude faster than CHOMP and 

TrajOpt, and more than two orders of magnitude faster than STOMP. This 

difference is mainly related to the fact that optimization-based planners require 

the solution of an iterative optimization problem for each planning query, whereas 

the proposed method exploits a policy learned offline and therefore shifts most of 

the computational burden to the training phase. 

It should also be noted that some classical planners, such as APF, RRT-

Connect, and bias-goal RRT, report lower planning times in the benchmark study. 

However, these methods differ substantially in terms of trajectory representation, 

post-processing requirements, and execution quality. Moreover, the time reported 

for the proposed method includes the complete conversion of the generated 

Cartesian path into an executable joint-space trajectory, whereas the meaning of 
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planning time may vary depending on the planner and implementation considered 

in the reference study. 

Compared with the reinforcement-learning-based planners reported by Liu et 

al., the proposed method shows a trajectory generation time of the same order of 

magnitude and slightly lower than those reported for DDPG, TD3, and SAC. It is 

important to note that the time reported for the proposed method does not refer 

only to the neural network inference time, but rather to the complete implemented 

planning pipeline, including Cartesian path generation, mapping into the robot 

joint space, and temporal parametrization of the motion.  

The success rate of the proposed method is 95%, which confirms the ability of 

the planner to generate feasible collision-free trajectories in most of the tested 

pick-and-place queries. This value is lower than those reported for several 

planners in the benchmark study, including some sampling-based, optimization-

based, and reinforcement-learning-based methods. However, this difference must 

be interpreted with caution, since the results were obtained using different robotic 

platforms, workspace geometries, obstacle configurations, implementation 

frameworks, and feasibility constraints. In the present work, the planner was 

evaluated in a UR3-based collaborative scenario in which the obstacle represents 

the human operator, and the generated Cartesian path was required to be 

converted into an executable joint-space trajectory.  

Path roughness and smoothness were not included in the quantitative 

comparison, although they could be computed for the trajectories generated by the 

proposed method. This choice is motivated by the fact that these indicators 

strongly depend on the trajectory representation, interpolation strategy, sampling 

frequency, derivative approximation, and temporal parametrization adopted by 

each planner. Since the benchmark study by Liu et al. does not provide all the 

implementation details required to reproduce these metrics under identical 

conditions, a direct numerical comparison would be only partially meaningful. 

Nevertheless, some qualitative considerations can be made. The proposed 

method generates a continuous Cartesian path by construction, and the temporal 

law is assigned in a subsequent post-processing stage. This decoupling between 

geometric path generation and time parametrization provides additional 

flexibility: once a collision-free path has been obtained, different temporal laws 

can be selected to satisfy execution constraints and improve the regularity of the 

resulting motion. In particular, smooth time-scaling functions may be adopted to 

limit velocity, acceleration, or jerk profiles, thereby reducing trajectory roughness 

without modifying the geometric path generated by the learned planner. 

Therefore, while roughness and smoothness are not directly compared with the 

values reported in the literature, the proposed formulation is compatible with post-

processing strategies aimed at improving trajectory regularity. 

Overall, the proposed planner can be positioned as a fast learning-based path-

generation strategy suitable for applications in which low trajectory generation 

time is required. Its main advantage lies in the rapid execution of the learned 

policy after training and in the possibility of producing an executable trajectory 

within a few milliseconds. However, some limitation has to be addressed. First, 



 

139 

 

the obstacle position is considered at the time of path generation, but dynamic 

variations of the obstacle during trajectory execution are not explicitly handled by 

the proposed planner. Therefore, if the human operator changes position after the 

path has been generated, this variation must be managed by an additional 

monitoring, replanning, or safety-supervision layer. In this respect, other model-

based approaches, such as receding-horizon, model-predictive, or incremental 

replanning methods, are intrinsically more suitable for dynamic execution, since 

they can repeatedly update the planned motion according to the current state of 

the robot and the environment. 

Moreover, although the reward function used during training encodes 

collision avoidance and feasibility requirements, the learned policy does not 

provide a formal guarantee that these constraints will always be satisfied, 

especially outside the training distribution. This differs from some classical 

model-based or optimization-based methods, where constraints can be explicitly 

imposed within the planning problem and verified during solution generation. 

5.6 Conclusion 

This chapter has investigated the application of reinforcement learning 

techniques to the generation of collision-free motions for a robotic manipulator 

operating in a collaborative environment. The primary objective was to develop 

learning-based policies capable of internalizing both kinematic and safety 

constraints, such that collision avoidance emerges as an intrinsic property of the 

learned behavior, resembling a form of proprioceptive awareness. 

To achieve this objective, two distinct reinforcement learning formulations 

were explored. The first approach represents the most challenging formulation, as 

the agent is required to directly control the manipulator at joint level. In this case, 

the policy must implicitly learn the relationship between Cartesian task objectives 

and joint-space actuation, effectively internalizing the inverse kinematics of the 

system while simultaneously satisfying safety constraints. A progressive training 

strategy was adopted, in which task complexity and reward terms were gradually 

introduced to guide the learning process. 

The results obtained with this formulation show that the agent is capable of 

learning accurate path-following behaviors and maintaining a desired end-effector 

orientation when operating in highly constrained scenarios. However, when 

additional requirements such as obstacle avoidance and dynamic trajectory 

modification are introduced, the learning process fails to converge towards a 

satisfactory solution. In particular, the agent is able to reliably deviate from the 

nominal trajectory to avoid collisions but unable to subsequently re-converge to 

the desired path. These results indicate that the combined complexity of joint-

level control, Cartesian task execution, and safety enforcement exceeds the 

practical learning capability of the adopted formulation under the considered 

observation and reward design. 

These limitations motivated the development of a second reinforcement 

learning environment, in which the learning problem is deliberately simplified. In 
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this formulation, the agent is tasked exclusively with generating a collision-free 

Cartesian path between an initial and a target point, while classical inverse 

kinematics and time parametrization techniques are used to execute the resulting 

trajectory. By decoupling trajectory generation from low-level control, the agent 

can focus entirely on safety-related aspects, such as obstacle avoidance and 

collision-free planning. 

The results obtained with this second approach demonstrate significantly 

improved performance and robustness. The learned policies achieve high success 

rates across a wide range of previously unseen initial and target configurations, 

both in the presence and absence of an end-effector tool. This confirms that the 

agent is able to internalize the geometric and safety constraints of the system and 

to generalize effectively across different workspace configurations. From a 

practical perspective, this formulation proves to be more suitable for real-world 

deployment, as it reduces computational complexity and avoids the need for high-

frequency policy inference at the robot control rate. 

Despite its advantages, the path-generation approach also presents inherent 

limitations. In particular, the generated path is static with respect to the initial 

conditions and does not adapt instantaneously to changes in the environment. As a 

result, dynamic obstacle avoidance and rapid reaction to unforeseen events remain 

outside the scope of the current formulation. 

Future work may address these limitations by combining the strengths of the 

two approaches investigated in this chapter. One possible direction consists in 

adopting a multi-agent or hierarchical architecture, in which different agents are 

responsible for complementary tasks. For instance, a first agent could generate a 

globally collision-free path based on the current environment configuration, a 

second agent could control the manipulator to track the planned trajectory, and a 

third agent could provide real-time corrective actions to locally modify the 

trajectory in response to dynamic obstacles. Such a decomposition of 

responsibilities would reduce the complexity faced by each individual agent and 

could lead to more robust and scalable learning-based control architectures. 

Finally, computational considerations must also be taken into account. The 

joint-control formulation requires policy inference at the robot control frequency 

(125 Hz in the considered setup), which would necessitate dedicated hardware to 

ensure real-time feasibility. In contrast, the path-generation approach allows 

planning to be performed at a lower rate, making it more compatible with existing 

robotic control infrastructures. 

In conclusion, this chapter highlights both the potential and the limitations of 

reinforcement learning for safe motion generation in collaborative robotics. While 

fully end-to-end joint-level learning remains a challenging problem, learning-

based path generation emerges as a practical and effective solution. The next 

chapter presents the integration of the proposed path-generation method within a 

collaborative robotic framework, in which the reinforcement learning agent is 

tasked with generating collision-free trajectories in the presence of human 

operators. 
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Chapter 6 

Collaboration Framework 

6.1 Overview 

This chapter describes the integration of the methods and subsystems 

presented in the previous chapters into a unified framework capable of real-time 

operation in a human–robot collaborative scenario. While earlier chapters focused 

on individual components, namely human motion estimation, abrupt movement 

detection, and reinforcement learning–based motion planning, the objective of this 

final chapter is to demonstrate how these components can be combined into a 

coherent software and hardware system suitable for real deployment. In this sense, 

the chapter represents the system-level validation of the thesis, showing how 

perception, safety assessment, and decision making interact to enable effective 

and safe human–machine collaboration. Figure 64 provides a system-level 

overview of the proposed framework, highlighting the end-to-end data flow from 

raw sensory inputs to safety-aware robot execution. The figure explicitly reflects 

the layered organization adopted throughout the thesis and serves as a reference 

for the detailed architectural description presented in the following sections.  
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The proposed framework is designed around a collaborative assembly task in 

which a human operator and a UR3 manipulator share part of the workspace and 

execute a predefined sequence of actions. The task is structured into discrete 

phases, some involving independent operation of the human or the robot, and 

others requiring simultaneous activity within the shared workspace. This phase-

based organization reflects typical industrial assembly processes and provides a 

controlled context in which to evaluate the behavior of the integrated system. 

From a hardware perspective, the system comprises three main physical 

components: the collaborative manipulator, the sensing apparatus, and a 

computing unit responsible for executing the control and decision logic. The 

sensing subsystem consists of wearable inertial measurement units and an event-

based camera, which together provide complementary information about the 

operator’s motion. The robot provides state feedback and executes motion 

commands generated by the high-level control framework. 

From a software and logical perspective, the system is organized into three 

conceptual layers: a perception layer, a decision layer, and an execution layer. The 

inputs to the framework consist of raw inertial measurements, event-camera data, 

and the robot state. These data streams are processed in the perception layer to 

estimate the operator’s position within the workspace and to assess the safety of 

the ongoing human motion. The operator position estimate is obtained through the 

sensor fusion approach described in Chapter 3, combining information from 

inertial sensors and event-based vision. In parallel, the safety state of the operator 

motion is evaluated by the abrupt movement detection method presented in 

Chapter 4. 

The outputs of the perception layer, namely the estimated human state and the 

motion safety assessment, are integrated within the decision layer. This layer is 

responsible for selecting the appropriate robot behavior given the current phase of 

the task and the instantaneous human–robot interaction conditions. In 

Figure 64 Overview of the integrated framework for real-time human–robot collaboration. 

The system combines perception, safety assessment, and decision-making layers to generate safety-

aware robot motions based on human state estimation, abrupt movement detection, and reinforcement 

learning–based path planning. 
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collaborative phases, robot motion is generated using the reinforcement learning–

based planner introduced in the previous chapter, which produces collision-aware 

paths conditioned on the estimated human state. Safety information is 

continuously monitored and used to modulate robot behavior, enabling actions 

such as speed reduction, trajectory adaptation, or immediate stop in the presence 

of elevated risk. 

The execution layer translates the selected high-level behavior into robot 

commands and supervises their execution on the physical manipulator. During 

execution, the system maintains continuous feedback from both the robot and the 

safety monitoring modules, ensuring that deviations or hazardous human motions 

can be detected and handled in real time. 

The entire system logic is implemented in ROS 2, which provides the 

middleware infrastructure required for modularity, synchronization, and real-time 

data exchange between heterogeneous components. Each logical layer is encoded 

as one or more ROS 2 nodes, with clearly defined interfaces that reflect the flow 

of information from sensing to decision making and finally to actuation. This 

modular organization allows the full pipeline of the thesis, from raw sensor data to 

collaborative robot motion, to be reconstructed and analyzed at the system level. 

The remainder of this chapter details the ROS 2 software architecture, the 

interaction between the main system nodes, and the real experimental setup used 

to validate the proposed framework in a collaborative assembly task. 

6.2 ROS2 Architecture 

This section describes the software architecture adopted to implement the 

proposed human–robot collaboration framework in ROS 2. The objective is to 

provide a clear description of how the perception, safety, decision-making, and 

execution layers introduced in the previous sections are developed as interacting 

software components. Particular emphasis is placed on the modular organization 

of the system, the definition of node responsibilities, and the flow of information 

that enables real-time operation and continuous safety monitoring. 

The architecture has been designed to integrate heterogeneous sensing 

modalities, learning-based planning, and robot control within a unified 

middleware, while preserving separation of concerns and enabling independent 

development and testing of individual subsystems. 

By detailing the ROS 2 node graph, the main communication interfaces, and 

the role of each component, this section provides the necessary elements to 

reconstruct the full system pipeline, from raw sensor acquisition to safety-aware 

robot motion execution. This architectural description also serves as the 

foundation for the collaborative assembly task presented in the following section, 

where the proposed framework is developed and validated. 
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Design constraints and Architectural choice 

The design of the proposed framework is driven by a set of practical 

constraints that arise from the requirements of close-proximity human–robot 

collaboration. In such scenarios, the system must operate reliably in real time 

while integrating heterogeneous sensing and decision-making components, each 

characterized by different computational and temporal properties. 

A first fundamental constraint concerns processing time and latency. To 

support collaborative operation, the system must process sensory information and 

generate robot actions within time bounds compatible with human motion. This 

requirement is particularly critical for safety-related operations, such as abrupt 

movement detection, where delayed responses may compromise the effectiveness 

of protective behaviors. Consequently, the architecture must allow low-latency 

data propagation and avoid unnecessary coupling between computationally 

intensive modules and time-critical control loops. 

A second constraint is related to the asynchronous nature of the sensing 

modalities. The wearable inertial sensors and the event-based camera operate at 

different acquisition rates and produce data streams with distinct temporal 

characteristics. In addition, robot state feedback is provided at yet another 

frequency. The system must therefore be able to handle asynchronous inputs 

without enforcing rigid synchronization, while still allowing consistent integration 

of multi-modal information at the decision level. 

Further constraints concern flexibility and scalability. The framework is 

intended to support iterative development, enabling modifications to individual 

subsystems, such as replacing a sensing module or updating the planning strategy, 

without requiring extensive changes to the rest of the system. Moreover, the 

architecture should allow scalability to additional sensors, alternative planners, or 

different robotic platforms, preserving the generality of the proposed approach 

beyond the specific experimental setup considered in this chapter. 

These constraints motivate the adoption of a distributed and multimodal 

architecture, in which the main functional blocks of the system are implemented 

as independent components that communicate through well-defined interfaces. 

Such an organization allows computational load to be distributed across 

processes, supports asynchronous execution at different update rates, and 

facilitates the isolation of safety-related functionalities from task-level decision 

making. 

Within this context, ROS 2 provides a suitable middleware for implementing 

the proposed architecture. Its node-based execution model naturally supports 

distributed systems, while its communication mechanisms and Quality of Service 

policies allow data exchange to be tailored to the latency and reliability 

requirements of different information flows. Additionally, the availability of 

standardized tools for configuration, monitoring, and logging simplifies 

development and experimental validation. 

The ROS 2 distribution adopted in this work is ROS 2 Humble Hawksbill. 

Although this is not the most recent release, it was selected as the latest long-term 
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support (LTS) version available at the time of development. This choice was 

motivated by the need to ensure system stability and reliability during integration 

and experimental validation. Using an LTS release reduces the likelihood of 

encountering unresolved issues and minimizes compatibility problems among 

different software components, which is particularly important for complex, 

multi-node systems intended for real-time operation. 

The simplified ROS 2 node graph shown in Figure 65 provides an overview 

of the main components of the implemented system and their interactions. The 

Figure 65 Simplified ROS 2 node graph of the implemented collaboration framework. 

The diagram illustrates the main ROS 2 nodes and data flows involved in the integration of inertial 

sensing, event-based vision, safety monitoring, and robot motion execution. Sensor interface nodes 

provide inertial data, event streams, and robot joint states, which are processed to estimate the 

human state and to classify the operator’s motion safety. These outputs are integrated by the motion 

manager, which supervises task execution and interacts with the reinforcement learning–based path 

planner. The selected motion commands are executed through the robot control stack, while 

execution feedback and robot state are continuously monitored. 
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diagram is intended to be read from top to bottom, following the direction of the 

information flow through the architecture. The upper portion of the figure 

corresponds to the input layer, which is composed of three independent 

acquisition nodes responsible for collecting sensory data from the environment 

and the robot. 

The first input component is the IMU agent, which acquires data from the 

wearable inertial sensors and publishes them to the ROS 2 ecosystem. This node 

provides raw inertial measurements consisting of linear acceleration, angular 

velocity, and orientation expressed as quaternions. Measurements from two 

inertial sensors are transmitted together with a timestamp, resulting in a total of 21 

values per message. Unlike the other nodes in the system, the IMU agent is not 

executed on the main computing unit but is implemented directly in the firmware 

of the microcontroller managing the sensors. This design choice reduces 

communication overhead and allows the data to be transmitted at the maximum 

stable acquisition rate supported by the hardware, corresponding to 200 Hz. To 

satisfy the low-latency requirements of safety-related processing, the associated 

ROS 2 topic is configured using the predefined sensor_data Quality of Service 

(QoS) profile, which prioritizes fast delivery and minimizes buffering at the 

expense of communication robustness. 

The second input component is the event camera node, which manages 

communication with the event-based camera and handles the acquisition of visual 

information. The node is implemented in C++ to ensure efficient interaction with 

the hardware and publishes two distinct data streams. The first is the events topic, 

containing asynchronous events accumulated over a temporal window of 10 ms, 

yielding an effective update rate of 100 Hz, consistent with the configuration 

described in Chapter 3. This topic also adopts the sensor_data QoS profile to limit 

transmission latency. The second stream is the accumulation frame topic, which 

provides an image-like representation generated from the event stream and 

published at 2  Hz. These frames are primarily used for estimating the operator’s 

position relative to the camera. Given their lower real-time criticality, the default 

QoS profile is used. In addition, a static node publishes the intrinsic parameters of 

the camera through the camera_info topic, which is required by downstream 

processing modules. 

The third input source is the UR3 joint state publisher, which provides the 

current state of the robot manipulator. This node is part of the 

universal_robots_ros2_driver package and publishes joint state information at 

125 Hz. Together with the inertial and vision-based data, this completes the set of 

input signals required to represent both the human operator state and the robot 

configuration. 

Once the input data streams are available, the system branches into two main 

processing pipelines corresponding to the functionalities introduced in the 

previous chapters: motion safety recognition and operator tracking. These 

pipelines operate in parallel and provide complementary information to the 

decision layer. In the following, the motion safety recognition branch is described 

first. 
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The motion safety recognition pipeline is implemented through two main 

nodes: a preprocessing node and a classification node, both operating according to 

a callback-based execution model. Each time new inertial data are received, the 

preprocessing node is triggered. At this stage, gravity compensation is applied to 

the raw acceleration signals as described in Chapter 4, and an internal buffer 

storing the temporal window to be classified is updated. A new data window is 

published whenever the number of newly acquired samples matches the step size 

determined by the selected window overlap. In the experimental configuration 

adopted in this work, a window length of 0.5 s with a 90% overlap is used, 

resulting in an effective publication rate of 20 Hz. 

The classification node receives the preprocessed data windows and performs 

inference to determine the current movement type. To prevent the inference time 

from interfering with other time-critical processes, this functionality is 

implemented as a dedicated node whose sole responsibility is classification. This 

design choice improves temporal predictability and ensures that safety monitoring 

remains responsive even under variable computational load. 

The Human State Estimator node implements the operator tracking 

functionality by fusing inertial and event-based visual information, as described in 

Chapter 3. Within the overall architecture shown in Figure 65, this node 

represents the core perception component responsible for providing a real-time 

estimate of the human operator state to the decision layer. 

From a software perspective, the node is structured around multiple callback 

functions and service clients, reflecting the asynchronous nature of the available 

sensor data and the need to decouple runtime estimation from calibration 

procedures. In particular, the node subscribes to two input topics: inertial 

measurements from the wearable IMUs and event packets from the event camera. 

The callback associated with the inertial data stream is executed at the same 

rate as the IMU acquisition, namely 200 Hz. Its role is deliberately kept 

lightweight in order to ensure predictable execution at high frequency. For each 

incoming message, the callback averages the most recent measurements from the 

two inertial sensors and stores the resulting values in an internal data structure. No 

state estimation is performed at this stage; instead, the inertial data are 

continuously updated and made available to the sensor fusion pipeline executed in 

the event-driven callback. 

The event-based callback defines the effective update rate of the operator 

tracking pipeline. Each time a new packet of events is received, corresponding to 

an acquisition rate of approximately 100 Hz, the full sensor fusion procedure is 

executed. In the experimental conditions considered in this work, the number of 

events contained in each packet is consistently above the minimum threshold 

required to trigger an update. As a result, the estimation process is effectively 

executed at every event callback, leading to a stable and regular update rate driven 

by the event stream. 

At each update, the node computes an estimate of the operator’s kinematic 

state by combining inertial and visual information according to the methodology 

described in Chapter 3. The resulting estimate includes both a joint-level 
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representation of the upper limb and the pose of selected reference frames relevant 

to the collaborative task, with particular emphasis on the terminal point of the 

forearm. These quantities are published as ROS 2 messages and made available to 

downstream modules at the same rate as the event acquisition. In addition, the 

corresponding transformations are broadcast through the TF mechanism to ensure 

spatial consistency with the robot model and the shared workspace. To ensure 

kinematic consistency of the estimated human state, the node relies on a kinematic 

model of the upper limb defined through a URDF description, aligned with the 

described model in Chapter 3.2. At initialization, the URDF is retrieved from the 

human/robot_state_publisher and parsed to extract the joint hierarchy, joint 

limits, and fixed transformations required for forward kinematics. 

Calibration procedures required by the tracking pipeline are handled 

separately from the runtime estimation logic. The node includes two service 

clients that are activated only on demand. One service estimates the static 

transformation between the event camera and the operator reference frame using a 

marker-based approach, while the second service computes the orientation offsets 

of the two inertial sensors under static conditions. Both calibration routines are 

described in Chapter 3.6 and are executed independently from the main estimation 

loop, ensuring that calibration does not interfere with real-time operation. 

The Motion Manager node represents the central supervisory component of 

the proposed framework and is responsible for coordinating task execution based 

on the estimated human state, safety conditions, and available motion generation 

strategies. Within the system architecture illustrated in Figure 64, this node 

operates at the decision layer and acts as the integration point where perception 

outputs and safety assessments are translated into executable robot behaviors. 

Unlike perception or planning modules, the Motion Manager does not directly 

estimate states or generate trajectories. Instead, its primary role is to orchestrate 

the execution of the collaborative task by selecting the appropriate motion 

strategy, triggering planning and execution modules, and supervising their 

outcomes. This design choice enables a clear separation of concerns, allowing 

perception, safety monitoring, planning, and execution to evolve independently 

while remaining coherently integrated at the system level. 

The node receives three main categories of input information. First, it 

subscribes to the output of the abrupt movement classification module, which 

provides a discrete safety state indicating whether the current human motion is 

considered safe. Second, it continuously retrieves the estimated position of the 

operator’s forearm endpoint through the TF tree, ensuring spatial consistency 

between the human model and the robot reference frame. Third, it monitors the 

current robot configuration through joint state feedback. Based on these inputs, 

the Motion Manager issues commands to planning services, action servers, and 

low-level robot interfaces, thereby determining the robot’s behavior at runtime. 

Task execution is governed by a phase-based finite state machine that encodes 

the structure of the collaborative assembly process. Each state corresponds to a 

well-defined phase of the task, such as waiting for operator interaction, executing 

a pick or release motion, performing a transfer in shared space, or completing the 
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final collaborative approach. Transitions between states are triggered by a 

combination of conditions, including the completion of robot motions, the 

operator’s presence within predefined regions of interest, and the current safety 

state.  

Safety is treated as a global supervisory constraint within the Motion 

Manager. The node continuously monitors the safety classification output and 

enforces conservative behavior whenever unsafe conditions are detected. If a 

transition from a safe to an unsafe state occurs while a robot motion is being 

executed, the Motion Manager immediately cancels the active trajectory execution 

and forces the system into a dedicated safe waiting state. From this state, task 

execution is suspended until safe conditions are restored. This mechanism ensures 

that safety-related information can preempt nominal task execution at any time, 

independently of the planning strategy currently in use. 

The Motion Manager supports two distinct categories of robot motion, 

selected according to the task phase and the level of interaction with the human 

operator. Deterministic motions are used for well-defined actions such as pick, 

release, and approach maneuvers. These motions rely on predefined Cartesian 

waypoints and are planned using classical motion planning services provided by 

MoveIt. Such motions are repeatable, predictable, and confined to regions where 

human interaction is either absent or tightly controlled. 

In contrast, adaptive motions are employed during transfer phases in which 

the robot operates in close proximity to the human operator. In these phases, the 

Motion Manager invokes the reinforcement learning–based planner through a 

dedicated inference service. The planner generates a collision-aware Cartesian 

path conditioned on the current robot position, the target location, and the 

estimated position of the operator. By restricting the use of learning-based 

planning to these specific phases, the framework leverages the adaptability of 

reinforcement learning only where it provides a clear benefit, while preserving 

deterministic behavior elsewhere. 

All planning and execution requests issued by the Motion Manager are 

handled asynchronously. Service calls and action requests are non-blocking, and 

their completion is monitored through callbacks. An internal execution flag is 

used to prevent overlapping commands and to ensure that only one motion request 

is active at any given time. Upon completion of a motion, the result is evaluated 

and the state machine is updated accordingly. Planning failures, execution errors, 

or invalid responses cause a transition to an error state, from which recovery must 

be handled externally. This asynchronous execution model improves 

responsiveness and prevents blocking of the supervisory loop. 

The behavior of the Motion Manager is extensively parameterized. 

Workspace regions, target positions, velocity and acceleration scaling factors, 

safety thresholds, and the number of task repetitions are all defined through ROS 

2 parameters. This design allows the same supervisory logic to be reused across 

different experimental setups and task configurations with minimal modification. 

As a result, the Motion Manager provides a flexible and extensible mechanism for 
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coordinating human–robot collaboration while maintaining a clear and structured 

decision-making process. 

In summary, the Motion Manager node embodies the system-level integration 

of perception, safety monitoring, and motion generation. By encoding task 

execution as a phase-based state machine and by explicitly arbitrating between 

deterministic and adaptive motion strategies under safety constraints, the node 

closes the loop between sensing and action and enables reliable execution of the 

collaborative assembly task described in the following section. 

The execution layer of the proposed framework is largely delegated to 

existing and well-established software components. In particular, low-level robot 

control and state feedback are handled by the universal_robots_ros2_driver, while 

motion planning and trajectory execution rely on the MoveIt packages already 

integrated within this driver. 

6.3 System Integration 

Hardware Updates  

Compared to the systems described in the previous chapters, various hardware 

modifications were introduced to support the integration of all components into a 

single real-time collaborative framework. These updates were primarily driven by 

latency, computational performance, and integration requirements arising from the 

simultaneous execution of perception, safety monitoring, and motion planning 

modules. 

In the final system, the wearable inertial sensing is performed using ICM-

20948 IMUs (TDK InvenSense), managed by an ESP32-S3 (Espressif Systems) 

microcontroller running firmware based on micro-ROS. The event-based visual 

sensing is provided by a DVXplorer (Inivation) event camera, while all software 

components are executed on a Dell workstation (Intel Core i7-11850H, 8 core, up 

to 4,80 GHz, NVIDIA T600, 4 GB, GDDR6) running Ubuntu 22.04 with a real-

time kernel. 

The ICM-20948 sensors were selected due to their improved performance 

compared to the MPU6050 devices previously used in the tracking system, as well 

as their better suitability for real-time operation when compared to the Opal 

APDM units adopted in the abrupt movement dataset acquisition. In particular, 

the latency introduced by the latter was not compatible with online safety 

monitoring. 

The ESP32-S3 microcontroller replaces the Arduino Due used in earlier 

prototypes. This choice was motivated by its more compact form factor and by the 

availability of integrated wireless connectivity, which enables potential future 

developments without requiring major architectural changes. 

The DVXplorer event camera represents an upgrade with respect to the device 

employed in Chapter 3. It offers nearly three times higher spatial resolution and 

communication latency below 1 ms, which is critical for real-time perception. The 

lack of standard frame output is addressed by generating image-like 
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representations through event accumulation, as described in the perception 

pipeline. 

The central computing unit was selected to provide sufficient computational 

resources for the concurrent execution of multiple ROS 2 nodes. The adoption of 

a real-time Linux kernel is a key element in ensuring predictable scheduling and 

reliable execution of time-critical processes, particularly those related to robot 

control and safety supervision. 

Experimental set-up 

 The experimental setup is shown in Figure 66 and represents a practical 

deployment of the proposed framework in a shared human–robot workspace. The 

UR3 robot is mounted on a workbench measuring 120 × 70 cm and positioned 

close to the back edge to maximize the available workspace for collaboration. The 

event camera is placed to the right of the robot, near the corner of the bench, and 

mounted on a dedicated support to provide a stable and well-defined view of the 

workspace.  

Two IMUs are mounted on the operator’s right arm using custom 3 -printed 

supports and elastic bands. An ArUco marker is attached to the operator to enable 

the initial calibration of the operator’s position.  ompared to the setup described 

in Chapter 3, the marker size is reduced to 5 cm per side, reflecting the improved 

resolution and sensitivity of the event camera. 

Communication between the IMUs and the microcontroller is implemented 

using the SPI protocol. The microcontroller is connected to the central computer 

via USB, while the event camera communicates through a USB 3.0 interface to 

guarantee high data throughput and low latency. The robot controller is connected 

to the computer via Ethernet using a TCP/IP protocol. 

Event

Camera

Assembly

Component

UR3

Robot

Human

Operator

Workbench

Microcontroller

IMU

IMU

Figure 66 Experimental setup and wearable sensing system. On the left, the collaborative 

workstation is shown, including the UR3 robot, the event camera, the workbench, and the assembly 

components together with the human operator. On the right, a detailed view of the wearable IMU-

based sensing system mounted on the operator’s arm is reported. 
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Activation procedure 

The activation of all system components described in the previous sections is 

a mandatory step for the correct operation of the framework. Calibration routines 

are implemented as ROS 2 services and are executed only when required, in order 

to limit unnecessary computational load during runtime.  

First, the operator wears the sensing equipment, and all hardware components 

are connected to the central computer. The robot is then powered on and 

initialized. Subsequently, a dedicated ROS 2 launch file is executed, starting all 

nodes required for system operation. The launch file enforces a predefined 

temporal sequence, ensuring that each subsystem is fully initialized before 

dependent components are started. At this stage, sensor data streaming becomes 

active, and the system logs prompt the user to perform the required calibration 

procedures. 

The operator positions himself in front of the workspace and assumes the 

calibration posture described in Chapter 3. The IMU calibration service is then 

triggered. Calibration is performed over a 1 s interval, during which it is verified 

that the IMU orientations do not vary by more than 1 degree. Next, the operator 

position is estimated using the ArUco marker detected from accumulated event 

frames. Multiple accumulated frames are used to improve robustness, and the 

calibration is accepted only if the estimated position varies by less than 2 cm 

across consecutive frames. 

Once calibration is completed, the system enters its operational state. 

Operator tracking is active, and a dedicated service is callled to notify the Motion 

Manager to start task execution. At this point, the system is fully functional and 

capable of executing the collaborative task. 

Several visualization tools are available to support system verification and 

debugging and are shown in Figure 67. These tools allow the visualization of raw 

IMU data, accumulated event frames, segmented event clouds associated with the 

operator’s arm, and a three-dimensional scene including the robot, the human 

model, the event camera reference frame, and the trajectories generated by the 

reinforcement learning planner. However, these visualization tools are optional, 

are not required for standard system operation, and introduce additional 

computational load. 

The spatial relationship between the event camera and the robot is calibrated 

offline using a procedure similar to that employed for the operator, in which an 

ArUco marker is rigidly attached to the robot flange.  

Data can be acquired and stored using the ROS 2 bag tool, which allows 

recording the data published on selected topics. 
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Collaboration Task 

To demonstrate the practical operation of the proposed framework and its 

effective integration in a real scenario, a collaborative assembly task was designed 

and implemented. The task involves the assembly of a component composed of 

four parts, following the sequence illustrated in Figure 68. The assembly process 

is intentionally structured to include both independent and collaborative phases, 

allowing the system to exploit parallelism between the robot and the human 

operator while maintaining synchronization during actions. 

During the task, the robot and the operator work on two separate 

subassemblies in the same workspace. In particular, the robot is responsible for 

assembling subassembly A, while the operator independently composes 

subassembly B. In the final phase, the robot brings subassembly A into a position 

favorable to the operator, enabling the manual completion of the final assembly.  

Figure 67 Visualization tools used for system monitoring and debugging. The upper row shows 

real-time inertial measurements of the operator’s forearm, the event-based segmentation of upper arm 

and forearm, and the image obtained through event accumulation. The lower view presents a three-

dimensional visualization of the scene, including the robot, the kinematic model of the operator, the 

camera reference frame, and the planned trajectories. 
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At a high level, the task execution can be summarized as follows. Initially, all 

individual components are placed in predefined pick areas within the shared 

workspace. The robot and the operator sequentially pick the first component and 

place it in a designated intermediate area. Both agents then return to the pick area 

to retrieve the second component and proceed with the formation of their 

respective subassemblies. Once subassembly A is completed, the robot transports 

it toward the operator to allow the final joining with subassembly B. This 

description captures the overall logic of the task, while the actual execution is 

governed by a reactive and event-driven control strategy. 

The execution of the collaborative assembly task relies directly on the 

perception and decision-making components introduced in the previous sections 

of this chapter. In particular, the activation of task phases is driven by the operator 

tracking pipeline, which provides a real-time estimate of the operator arm 

position. This information is used to detect the operator’s interaction with 

predefined spatial regions of interest. The resulting events are then handled by the 

Motion Manager described in Section 6.2, which supervises the phase-based task 

execution and selects the appropriate motion strategy for each phase. 

This design ensures synchronization between the human and the robot and 

prevents the two agents from acting as independent, unsynchronized processes. 

Specifically, two spatial regions of interest are defined in the workspace, 

corresponding to the pick and place areas. When the operator’s hand enters one of 

Figure 68 Assembly sequence of the target component. 

Subassembly A

Subassembly B

Figure 69 Spatial transition volumes used for task phase activation. (left) General three-

dimensional view of the workspace volumes; (right) top view including the operator. The light blue 

volume corresponds to the pick area, while the purple volume defines the place area. Entry of the 

operator’s hand into these regions triggers the corresponding task phase transitions. 
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these regions, the associated task phase is activated. The volumes corresponding 

to these regions are shown in Figure 69. 

Figure 70 reports the temporal evolution of the operator’s and robot’s 

positions along the three Cartesian axes. Vertical dashed lines indicate the instants 

at which the operator’s motion triggers a transition between task phases. This 

representation highlights the tight coupling between human motion and robot 

behavior.  

Figure 71 instead provides a three-dimensional visualization of the robot 

trajectories executed during the different phases, together with the spatial regions 

that must be reached by the operator to enable the subsequent transitions and the 

operator path. The robot is shown in the configuration associated with the starting 

point of each phase. 

  

Figure 70 Temporal evolution of operator and robot Cartesian positions during the 

collaborative assembly task, with the phase sequences. 
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Figure 71 Three-dimensional visualization of the collaborative task execution across different 

phases. The robot trajectories (purple) and the operator hand motion (yellow) are shown. Colored 

volumes indicate the spatial zones whose activation triggers transitions between task phases. 
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The actual execution of the task proceeds as follows. At the beginning, the 

robot is placed in a generic initial configuration, while the operator assumes a 

calibration posture required for system initialization. The only constraints 

imposed on the operator during this phase are remaining within the field of view 

of the event camera and maintaining a static trunk posture once calibration is 

completed. After calibration, the robot moves to a waiting position at the 

boundary of the pick area and remains idle until the operator enters this region 

(Phase A). Once the operator is detected inside the pick area, the robot performs 

the pick operation and then waits for the operator to leave the region (Phase B). 

When the operator exits the pick area, the robot plans and executes a transfer 

motion toward the place area. In this phase, the path is generated using the 

reinforcement learning–based planner, after which a deterministic place motion is 

executed. Upon completion, the robot waits until the operator also reaches the 

place area (Phase C). The robot then executes a return motion, again generated 

through the RL-based planner (Phase D), and waits for the operator to return to 

the pick area (Phase E). 

The sequence is repeated for the second component. When the operator enters 

the pick area, the robot performs the second pick operation and waits (Phase F). It 

then moves to the place area and completes the assembly of subassembly A 

(Phase G). When the operator re-enters the place area, the robot leaves the shared 

workspace and returns to the pick area, while the operator completes subassembly 

B independently (Phase H). Finally, the operator brings subassembly B into the 

pick area, triggering the last phase of the task (Phase I). In this final phase, the 

robot picks up subassembly A and transports it to a position favorable to the 

operator, allowing the manual completion of the final assembly (Phase L). Figure 

72 shows representative frames corresponding to the different task phases, 

captured at the initial instant of each phase, together with the final frame of the 

collaborative assembly task (Figure 73), illustrating the real execution context of 

the scenario. 
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Figure 72 Representative frames of the collaborative assembly task execution. The sequence 

shows the initial instant of each task phase, including independent manipulation by the robot and the 

operator, coordinated pick-and-place actions. 
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Safety Response to Abrupt Human Motion 

A second experimental trial was conducted to evaluate the behavior of the 

proposed safety system in the presence of abrupt human motion. In this 

experiment, the same collaborative assembly task described in the previous 

section was executed; however, during task execution, the operator deliberately 

performed a sudden and impulsive movement to trigger the safety mechanism. 

The objective of this trial was to assess the responsiveness of the abrupt 

movement detection module and to analyze the resulting robot behavior under 

safety-critical conditions. 

The safety response observed in this experiment is the result of a sequential 

processing chain that spans multiple system components. Inertial data acquired 

from the wearable sensors are first processed by the abrupt movement detection 

module, whose output is continuously monitored by the Motion Manager. Upon 

detection of an unsafe condition, the Motion Manager overrides the nominal task 

execution and issues a stop command to the execution layer, which is ultimately 

handled by the robot controller. This chain reflects the tight integration between 

perception, decision-making, and execution layers within the proposed 

framework. 

Figure 74 shows the temporal evolution of the inertial measurements acquired 

from the operator’s forearm, including linear acceleration and angular velocity 

components, together with the joint positions of the robot manipulator. The 

vertical dashed line indicates the instant at which the abrupt movement is detected 

by the classification module. As visible from the acceleration signals, the 

impulsive motion produces a clear peak, followed by a rapid variation in the 

angular velocity components. 

Figure 73 Final stage of the task, in which the robot presents the subassembly to the operator 

to enable completion of the final operation. 
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From the recorded data, it can be observed that the abrupt movement is 

identified approximately 0.3 s after the occurrence of the acceleration peak. 

Following this detection event, the robot motion is interrupted and the 

manipulator comes to a complete stop after approximately 0.1 s. It is important to 

distinguish between the latency associated with abrupt movement detection and 

the subsequent physical stopping time of the robot. The former is primarily 

determined by the window-based processing and classification of inertial data, 

while the latter depends on the propagation of the stop command through the 

supervisory and execution layers, as well as on the dynamics of the robot 

controller. The measured delays therefore reflect the combined effect of sensing, 

computation, communication, and actuation, rather than the performance of a 

single module. 

Figure 75 provides a zoomed view around the abrupt movement event, 

showing the temporal evolution of all robot joint positions. Within this zoomed 

interval, particular attention is given to joint 1 to illustrate the system response in 

detail. Once the abrupt movement is identified, the Motion Manager immediately 

issues a trajectory abort command. This is implemented by commanding the robot 

to maintain its current configuration, effectively overriding the ongoing trajectory 

execution. The plot highlights a short transient phase between the detection of the 

Figure 74 System response to an abrupt human motion during task execution. Forearm inertial 

measurements (linear acceleration and angular velocity) together with the robot joint positions. The 

vertical dashed line indicates the instant at which the abrupt movement is detected, triggering 

trajectory interruption and a safety stop of the robot. 
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abrupt movement and the effective enforcement of the stop condition. During this 

interval, the robot continues to move slightly along the direction of the originally 

planned trajectory while the stop command is being processed. 

After this transient, the controller receives the updated command and sets a 

new reference position corresponding to the robot configuration at the instant of 

abrupt movement detection. This instant approximately coincides with the 

minimum value observed in the joint 1 position trace. From this point onward, the 

low-level controller drives the robot toward the commanded stop configuration 

and maintains it. The system remains in this halted state until an explicit restart 

command is issued by the central control unit, ensuring that task execution does 

not resume automatically after a safety event. 

In Figure 76 shows the linear acceleration of the operator’s forearm plotted in 

a time window centered around the abrupt movement event. Selected video 

Figure 75 (Top) Zoomed view of robot joints response to abrupt movement detection. (Bottom) 

Position of joint 𝒒𝟏 around the detection instant (dashed line). After the abrupt event is identified, the 

ongoing trajectory is aborted, and the controller drives the joint toward the commanded stop 

configuration. 
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frames are associated with the acceleration signal to provide qualitative 

correspondence between the measured inertial data and the observed system 

behavior. The frames reported above the plot correspond, respectively, to the 

operator at the start of the motion, to the instant close to the acceleration peak, an 

instant shortly before the identification of the abrupt movement, and to the 

moment in which the robot starts to reverse its motion. The frame reported below 

the plot shows the configuration in which the robot is completely stopped. 

The same frames are reported in Figure 77, where the first four frames are 

superimposed to highlight the robot motion occurring during the detection and 

reaction interval, while the lower frame again shows the configuration in which 

the system has reached a full stop. 

Overall, this experiment demonstrates that the proposed framework is capable 

of enforcing effective safety behavior in dynamic collaborative scenarios by 

tightly coupling perception, supervisory control, and execution. 
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Figure 76 Forearm acceleration around the abrupt movement event with associated video frames. 

The linear acceleration components are plotted over a time window centered on the abrupt movement. 

Selected frames are linked to the signal to illustrate the operator motion before the identification of the 

abrupt event, during the transient response, and after the robot has come to a complete stop. 
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6.4 Conclusion 

This chapter presented the complete integration of the methods developed 

throughout the thesis into a single operational framework for human–robot 

collaboration. The ROS 2 software architecture, the experimental setup, and the 

system activation procedure were described to show how perception, safety 

monitoring, and motion planning are combined in a real-time system. 

The collaborative assembly task demonstrated how the proposed framework 

enables synchronized human–robot interaction without relying on predefined 

timing, but instead on continuous perception of the operator and supervisory 

decision-making. The additional safety experiment showed that abrupt human 

Figure 77 Robot behavior in the vicinity of an abrupt human movement. The upper image shows 

four superimposed frames captured during the abrupt movement, illustrating the robot displacement 

while the stop command is being processed. The lower image shows the robot already stopped. 
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motions are detected within bounded latency and that robot motion can be reliably 

interrupted through the Motion Manager. 

Overall, this chapter demonstrated that the proposed approaches can be 

effectively deployed in a real collaborative scenario, achieving real-time 

operation, safe interaction, and modular integration of heterogeneous sensing and 

planning components. 
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Chapter 7 

Conclusion 

This thesis addressed the problem of effective and safe human–robot 

collaboration by focusing on the perception and cognition layers of the interaction 

loop. Starting from the limitations of current collaborative robotic applications, 

which are often constrained to conservative safety mechanisms and limited 

adaptability, the work investigated how multimodal perception and learning-based 

decision-making can enhance robot awareness of human behavior and enable 

more context-aware actions. 

The research was framed within a perception–decision–action paradigm, with 

the explicit objective of improving the robot’s understanding of the human 

operator and exploiting this information to generate safer and more adaptive 

motions. To this end, the thesis developed and experimentally validated a human-

centered framework integrating multimodal motion tracking, safety-related 

motion assessment, and human-aware path planning. 

A first major contribution of this work is the development of a multimodal 

human arm tracking system based on the fusion of inertial sensing and event-

based vision. The proposed approach combines two wearable IMUs with a single 

event camera to estimate the configuration of the human upper limb through a 

kinematic model and a Kalman filter–based fusion framework. By exploiting the 

complementary characteristics of the two sensing modalities the system achieves 

accurate and stable estimation of elbow and wrist positions while maintaining 

reduced computational load. Experimental validation demonstrated that the fused 

solution improves robustness and accuracy with respect to unimodal approaches, 

while remaining suitable for real-time operation in collaborative scenarios. 

The second contribution concerns the assessment of motion safety through the 

detection of abrupt movements. Using the same inertial sensing infrastructure, a 

data-driven method was developed to distinguish standard task-related motions 

from abrupt, potentially hazardous behaviors. A dedicated experimental protocol 

was designed to collect representative motion data during a pick-and-place task, 

including both standard and stimulus-induced abrupt movements. Machine 
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learning–based classifiers were trained and evaluated using a sliding-window 

approach, and their performance was analyzed in terms of accuracy, temporal 

resolution, and inference latency. The results showed that abrupt movements can 

be reliably detected within time windows compatible with real-time safety 

monitoring, providing a meaningful abstraction of the operator’s dynamic safety 

state. 

A further contribution of the thesis lies in the development of learning-based 

motion planning strategies for human-aware robot behavior. Reinforcement 

learning techniques were applied to both joint-level control and Cartesian path 

generation, with safety constraints explicitly embedded in the reward design. The 

proposed planners were trained to generate collision-free motions in the presence 

of obstacles representing the human operator, adapting the robot trajectory while 

respecting kinematic and dynamic constraints. The experimental results 

highlighted the ability of the learned policies to deviate from nominal paths to 

ensure safety, demonstrating the feasibility of integrating learning-based planning 

within collaborative robotic applications. 

Finally, these components were integrated into a unified collaboration 

framework implemented using a ROS 2 architecture. The framework combines 

multimodal perception, motion safety assessment, and learning-based planning 

into a coherent system capable of operating in real time. The modular design 

allows the perception and decision-making layers to interact continuously, 

enabling the robot to adapt its behavior based on the estimated human state and 

the assessed level of motion safety. 

The results presented in this thesis confirm that multimodal perception plays a 

key role in advancing human–robot collaboration beyond reactive and 

conservative safety strategies. The integration of event-based vision and inertial 

sensing proved particularly effective in capturing human motion with low latency 

and robustness to environmental conditions, addressing some of the limitations of 

conventional frame-based vision systems. At the same time, the use of data-driven 

methods for motion safety assessment and reinforcement learning for path 

planning illustrates how cognitive layers can exploit perceptual information to 

support adaptive robot behavior. 

From a broader perspective, the proposed framework is aligned with the 

principles underlying current and emerging international safety standards for 

collaborative robotics. In particular, the emphasis on continuous perception, 

dynamic safety assessment, and adaptive behavior is consistent with the evolution 

of ISO 10218 toward application-level collaboration and context-aware safety 

management.  

Future Improvements 

The system has been validated under controlled experimental conditions and 

with a specific collaborative task. While this choice enabled a repeatable 

evaluation of the proposed methods, it limits the generalizability of the 

conclusions to more complex tasks and less structured environments. Extending 
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experimental validation to a broader set of scenarios represents a necessary step 

toward assessing robustness and scalability in realistic industrial applications. 

Human motion tracking is based on a simplified kinematic model of the upper 

limb. This ensures computational efficiency and stability but reduces anatomical 

fidelity, particularly in the presence of complex or highly articulated movements. 

Moreover, the adopted sensor fusion strategy operates at the level of independent 

pose estimates obtained from inertial sensing and event-based vision. As a 

consequence, the fused estimate remains strongly dependent on the quality of the 

individual modalities and cannot significantly diverge from their respective errors. 

A natural evolution of the framework would involve the adoption of a lower-level 

sensor fusion approach, directly integrating raw or minimally processed 

measurements. Such a strategy would allow a tighter coupling between 

modalities, improving robustness and reducing sensitivity to errors affecting 

single sensor streams. 

In the current implementation, the trunk is treated as a fixed reference frame, 

which simplifies the estimation problem but reduces tracking accuracy when torso 

motion occurs and restricts the operator’s effective workspace. This limitation 

could be addressed through two complementary approaches. A first solution 

consists in periodically updating the torso pose by low-rate sampling of the ArUco 

marker already used for reference frame alignment, thereby preserving the 

existing sensing architecture while limiting additional computational cost. 

Alternatively, the introduction of an additional inertial sensor on the trunk would 

enable direct measurement of torso motion, supporting a fully wearable 

configuration and allowing more natural whole-body movements. 

The abrupt movement detection module currently provides a binary 

classification of motion safety. While effective for identifying potentially 

hazardous behaviors, this formulation limits the range of possible robot responses. 

A tighter integration between abrupt movement detection and the planning layer 

would enable graded or adaptive safety strategies. For instance, the robot could 

avoid unnecessary stops when the operator remains at a sufficiently safe distance, 

or activate more conservative behaviors only in genuinely critical situations. In 

more dangerous scenarios, abrupt motion detection could trigger active avoidance 

maneuvers rather than simple motion interruption, improving both safety and task 

continuity. 

With respect to motion planning, the reinforcement learning agents were 

trained in simulation and validated under specific conditions. Although the results 

demonstrate effective behavior within the trained scenarios, significant deviations 

from the training distribution may lead to performance degradation. Extending the 

training process to encompass a wider range of tasks, constraints, and dynamic 

human behaviors would improve generalization and support more flexible 

collaboration. 

Finally, the current framework lacks explicit task awareness, as it does not 

include mechanisms for identifying or localizing the components involved in the 

collaborative process. Furthermore, task programming currently requires the 

development of dedicated code, limiting accessibility in real industrial 
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environments. Future extensions could integrate additional sensing modalities to 

enhance task understanding while also enabling more intuitive interaction 

channels for the operator, thereby increasing both usability and adaptability. 

Overall, these limitations delineate the current boundaries of the implemented 

system while outlining a clear path for its evolution. Addressing them would 

allow the framework to progress toward more general, adaptive, and user-centered 

human–robot collaboration. 

 

In conclusion, this thesis demonstrated how multimodal perception and 

learning-based methods can be combined to enhance safety and adaptability in 

human–robot collaboration. By integrating inertial sensing, event-based vision, 

motion safety assessment, and reinforcement learning–based planning within a 

unified framework, the work contributes toward more human-aware robotic 

systems. The proposed methods provide a concrete step beyond static safety 

mechanisms, supporting collaborative applications in which robots continuously 

perceive, interpret, and respond to human behavior in shared workspaces. 
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