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Abstract: In recent years, a significant transformation towards intelligent manufacturing
systems has been observed in industry. One of the leading research topics in this field is
collaborative robotics, which promotes a synergic interaction between humans and robots.
Advantages in ergonomics and production are foreseen with the adoption of collaborative
robotics. Avoiding unintended collisions, which would ensure seamless collaboration, is one of the
main challenges in improving safety and productivity. This paper focuses on a decision-making
strategy that allows the robot to autonomously identify the optimal path to minimize the travel
distance between the current configuration and the target while maintaining a safe distance from
the human collaborator. The proposed strategy involves the offline generation of a dataset of
possible paths within the robot workspace and a Reinforcement Learning-based control strategy,
enabling the optimal choice of the subsequent robot configuration. After training and testing in
a simulated environment, the optimal policy was validated with an ABB GoFa™ robotic arm,
testing different human configurations and paths.
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1. INTRODUCTION

The fourth industrial revolution marks a significant trans-
formation towards flexible and intelligent manufacturing.
Collaborative robotics is an essential component of In-
dustry 4.0, enhancing production flexibility and human
ergonomics by exploiting the complementary capabilities
of humans and robots. They include human intelligence
and dexterity to perform challenging tasks for robots and,
on the other hand, robotic precision, strength, and re-
peatability to relieve humans from physically or mentally
demanding operations (Chowdhury, 2023), (Patil et al.,
2023). Despite the great potential of Human-Robot Col-
laboration (HRC), ensuring a seamless collaboration by
avoiding collisions between humans and robots is one of
the key challenges to improving the productivity of col-
laborative systems. Moreover, at the same time, a safe
environment for the operators, compliant to the safety
standards, must be enforced (Li et al., 2024). The re-
search focuses on developing control laws and techniques
to meet the required performance in collision avoidance,
efficiency improvement, and production flexibility by de-
signing robotic systems that can work safely and effectively
alongside human workers promptly reacting to human
behavior (Villani et al., 2018).
This paper falls within this research area, developing a

decision-making strategy that allows the robot to choose
the motion to perform based on the current human po-
sition. The approach aims to empower the robot to au-
tonomously identify the optimal path both reducing task
completion time and ensuring a safe distance from the
worker. A database of admissible paths for a predefined
robot task is created offline in a simulated environment us-
ing a Bidirectional-Rapidly Exploring Random Trees (Bi-
RRT*) algorithm to enable the robotic arm to move from
its starting position to the target one while avoiding static
obstacles. This algorithm ensures comprehensive coverage
of the workspace by concurrently expanding two trees from
opposite ends and facilitates the connections at multiple
points, optimizing the path-finding process. Subsequently,
a Q-Learning (QL)-based method is developed to enable
the robot to dynamically choose which of the previously
computed paths to follow and when to transition from one
path to another, depending on the human worker’s pres-
ence. The training and testing phases of the QL algorithm
exploit different sets of Motion Capture (MoCap) data,
simulating human movements across different tasks. After
training, an optimal policy is derived and subsequently
validated on the ABB GoFa™ CRB 15000 collaborative
robot.
Compared to the state-of-the-art methods, the key advan-
tage of this research is the combination of a sampling-
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based strategy for multiple paths offline generation and a
decision-making approach for collision avoidance, leading
to the following main contributions:

• Reduced path-planning computational effort:
the Bi-RRT* algorithm is used offline to generate a
set of collision-free paths for the robot, considering
only static obstacles without human presence. This
precomputed graph ensures a well-connected set of
feasible robot paths, among which the robot can
choose during the execution, eliminating the need for
costly real-time path generation.

• Adaptability to generic human motion: the QL-
based strategy enables the robot motion to adapt to
different human tasks by training the optimal policy
on a generic dataset of randomly selected human
motions. This strategy ensures a flexible and scalable
policy that dynamically selects the optimal path
based on real-time observations of human movement.

• Task execution efficiency ensuring collision
avoidance: thanks to the dual value reward function,
the length of the robot path is minimized while always
ensuring collision avoidance with the operator.

2. RELATED WORKS

The development of control algorithms for collabora-
tive robots (cobots) has advanced significantly to bal-
ance safety and task efficiency in shared human-robot
workspaces.
Various approaches have been explored in path generation
and path planning fields for collision avoidance purposes.
Traditional methods, such as robot teaching and offline
programming, are time-consuming, error-prone, and lack
flexibility, which makes them impractical for modern in-
dustrial applications (Weber et al., 2023). Furthermore, in
human-robot collaborative systems, the unpredictability
of human actions increases the need for robust and scal-
able control strategies to enhance robot adaptability to
dynamic environmental changes, disturbances, and uncer-
tainties (Mazhar et al., 2023). Evolutionary computation
techniques, such as Genetic Algorithms, Particle Swarm
Optimization, and Differential Evolution, offer promising
perspectives for handling complex optimization problems
(Juř́ıček et al., 2023). However, their real-world appli-
cability is still challenging due to the extensive compu-
tational effort required by these approaches. Moreover,
optimization problems are characterized by task-specific
constraints, making evolutionary techniques more suitable
for static environments. Optimization-based approaches,
such as quadratic programming, are adaptive to environ-
mental changes, but real-time applications still reveal high
computational costs (Li et al., 2024).
Offline trajectory generation can improve path planning
computational efficiency by pre-computing feasible paths
assuming static obstacles and adjusting them online to fit
real dynamic environments. For example, Scoccia et al.
(2021) combines Artificial Potential Field (APF) and on-
line motion control to adapt the precomputed trajecto-
ries to real obstacle motion. Similar approaches demon-
strate their effectiveness also in collaborative setups. For
instance, Tonola et al. (2021) proposes an offline path
planner and a reactive re-planning framework to gener-
ate a new feasible path in case of human obstruction.

However, re-planning is performed online, still requiring
costly real-time computations. To solve this problem fur-
ther improving the computational efficiency, Pellegrinelli
et al. (2016) selects the optimal path for the actual
context from a pre-generated database of paths avoid-
ing areas frequently occupied by humans, based on pre-
computed human occupancy volumes and probabilities. In
addition, sampling-based algorithms, such as Ant Colony
Optimization (ACO) and Rapidly Exploring Random Tree
(RRT/RRT*), have proved to produce optimal, efficient,
and robust solutions in static environments and offline
path-planning problems (Li et al., 2024). RRT* offers a
good starting point for this paper, as it can generate offline
a graph of feasible paths connecting a discrete set of config-
urations, randomly sampled by exploring the whole robot
workspace. The extension of the sampled-based graph can
be adjusted as needed without substantially affecting the
efficiency of the online algorithm.
Decision-making algorithms can further improve path
planning flexibility. In particular, reward-based approaches,
like Reinforcement Learning (RL), offer strong adaptabil-
ity to highly variable collaborative environments. RL is a
robust method, proved to bring significant contributions
in robot control for optimal operation choice (Shehawy
et al., 2023) or for the manipulator’s positioning and
robot’s path planning task (Lindner et al., 2021), (Zhao
et al., 2021). Regarding Human-Robot Collaboration,
some robot decision-making strategies rely on observed
human actions and predicted motions (Jin et al., 2022)
or human behavior in response to the robot’s movements
(Zhang et al., 2022). Recent RL-based strategies mainly
focus on balancing human safety and task efficiency, but
many rely on real-time computation, limiting their indus-
trial feasibility. For example, Zhu et al. (2024) combines
a safety field-based controller, modeling human and robot
motions and task requirements, with Deep Reinforcement
Learning (DRL) to optimize robot motion planning by
balancing task efficiency with safety constraints. Liu et al.
(2021) reports another example of motion optimization, in-
troducing an Intrinsic Reward-Deep Deterministic Policy
Gradient strategy to optimize policy learning. However, it
was tested only in simulation. To improve computational
efficiency while providing the required method scalability,
Yu and Chang (2022) proposes a QL strategy exploiting a
dataset of pre-demonstrated primitive actions to generate
motion plans for new robot tasks and to request new
demonstrations when needed.
Although, in our case, the robot task is fixed, human
behavior can change, still requiring adaptation of the robot
motion planning. A dataset of feasible and collision-free
paths is pre-computed with Bidirectional-RRT* consid-
ering only fixed obstacles in the scene without human
presence. A QL agent is then trained to choose the best
transition from the current node to the next, among the
available ones, allowing the adaptation of the robot motion
to the observed worker behavior.

3. BI-RRT OFFLINE GENERATION OF A DATASET
OF FEASIBLE ROBOT PATHS

This Section presents a method to generate a dataset
of feasible, collision-free paths for a robotic manipulator
operating in a workspace with static obstacles in the scene.
The robot task involves moving the end-effector from a
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based strategy for multiple paths offline generation and a
decision-making approach for collision avoidance, leading
to the following main contributions:

• Reduced path-planning computational effort:
the Bi-RRT* algorithm is used offline to generate a
set of collision-free paths for the robot, considering
only static obstacles without human presence. This
precomputed graph ensures a well-connected set of
feasible robot paths, among which the robot can
choose during the execution, eliminating the need for
costly real-time path generation.

• Adaptability to generic human motion: the QL-
based strategy enables the robot motion to adapt to
different human tasks by training the optimal policy
on a generic dataset of randomly selected human
motions. This strategy ensures a flexible and scalable
policy that dynamically selects the optimal path
based on real-time observations of human movement.

• Task execution efficiency ensuring collision
avoidance: thanks to the dual value reward function,
the length of the robot path is minimized while always
ensuring collision avoidance with the operator.

2. RELATED WORKS

The development of control algorithms for collabora-
tive robots (cobots) has advanced significantly to bal-
ance safety and task efficiency in shared human-robot
workspaces.
Various approaches have been explored in path generation
and path planning fields for collision avoidance purposes.
Traditional methods, such as robot teaching and offline
programming, are time-consuming, error-prone, and lack
flexibility, which makes them impractical for modern in-
dustrial applications (Weber et al., 2023). Furthermore, in
human-robot collaborative systems, the unpredictability
of human actions increases the need for robust and scal-
able control strategies to enhance robot adaptability to
dynamic environmental changes, disturbances, and uncer-
tainties (Mazhar et al., 2023). Evolutionary computation
techniques, such as Genetic Algorithms, Particle Swarm
Optimization, and Differential Evolution, offer promising
perspectives for handling complex optimization problems
(Juř́ıček et al., 2023). However, their real-world appli-
cability is still challenging due to the extensive compu-
tational effort required by these approaches. Moreover,
optimization problems are characterized by task-specific
constraints, making evolutionary techniques more suitable
for static environments. Optimization-based approaches,
such as quadratic programming, are adaptive to environ-
mental changes, but real-time applications still reveal high
computational costs (Li et al., 2024).
Offline trajectory generation can improve path planning
computational efficiency by pre-computing feasible paths
assuming static obstacles and adjusting them online to fit
real dynamic environments. For example, Scoccia et al.
(2021) combines Artificial Potential Field (APF) and on-
line motion control to adapt the precomputed trajecto-
ries to real obstacle motion. Similar approaches demon-
strate their effectiveness also in collaborative setups. For
instance, Tonola et al. (2021) proposes an offline path
planner and a reactive re-planning framework to gener-
ate a new feasible path in case of human obstruction.

However, re-planning is performed online, still requiring
costly real-time computations. To solve this problem fur-
ther improving the computational efficiency, Pellegrinelli
et al. (2016) selects the optimal path for the actual
context from a pre-generated database of paths avoid-
ing areas frequently occupied by humans, based on pre-
computed human occupancy volumes and probabilities. In
addition, sampling-based algorithms, such as Ant Colony
Optimization (ACO) and Rapidly Exploring Random Tree
(RRT/RRT*), have proved to produce optimal, efficient,
and robust solutions in static environments and offline
path-planning problems (Li et al., 2024). RRT* offers a
good starting point for this paper, as it can generate offline
a graph of feasible paths connecting a discrete set of config-
urations, randomly sampled by exploring the whole robot
workspace. The extension of the sampled-based graph can
be adjusted as needed without substantially affecting the
efficiency of the online algorithm.
Decision-making algorithms can further improve path
planning flexibility. In particular, reward-based approaches,
like Reinforcement Learning (RL), offer strong adaptabil-
ity to highly variable collaborative environments. RL is a
robust method, proved to bring significant contributions
in robot control for optimal operation choice (Shehawy
et al., 2023) or for the manipulator’s positioning and
robot’s path planning task (Lindner et al., 2021), (Zhao
et al., 2021). Regarding Human-Robot Collaboration,
some robot decision-making strategies rely on observed
human actions and predicted motions (Jin et al., 2022)
or human behavior in response to the robot’s movements
(Zhang et al., 2022). Recent RL-based strategies mainly
focus on balancing human safety and task efficiency, but
many rely on real-time computation, limiting their indus-
trial feasibility. For example, Zhu et al. (2024) combines
a safety field-based controller, modeling human and robot
motions and task requirements, with Deep Reinforcement
Learning (DRL) to optimize robot motion planning by
balancing task efficiency with safety constraints. Liu et al.
(2021) reports another example of motion optimization, in-
troducing an Intrinsic Reward-Deep Deterministic Policy
Gradient strategy to optimize policy learning. However, it
was tested only in simulation. To improve computational
efficiency while providing the required method scalability,
Yu and Chang (2022) proposes a QL strategy exploiting a
dataset of pre-demonstrated primitive actions to generate
motion plans for new robot tasks and to request new
demonstrations when needed.
Although, in our case, the robot task is fixed, human
behavior can change, still requiring adaptation of the robot
motion planning. A dataset of feasible and collision-free
paths is pre-computed with Bidirectional-RRT* consid-
ering only fixed obstacles in the scene without human
presence. A QL agent is then trained to choose the best
transition from the current node to the next, among the
available ones, allowing the adaptation of the robot motion
to the observed worker behavior.

3. BI-RRT OFFLINE GENERATION OF A DATASET
OF FEASIBLE ROBOT PATHS

This Section presents a method to generate a dataset
of feasible, collision-free paths for a robotic manipulator
operating in a workspace with static obstacles in the scene.
The robot task involves moving the end-effector from a

Fig. 1. Offline dataset generation of feasible paths: Bidirectional-Rapidly Exploring Random Trees (Bi-RRT) for rough
path generation and Ramer-Douglas-Peucker (RDP) for path simplification

Fig. 2. Relevant nodes identification

predefined initial point to a target position. The goal is
to create a graph of waypoints in the robot configuration
space, eventually connecting the starting and final posi-
tions. This provides the robot with multiple motion choices
during the task execution to avoid excessive proximity to
the human operator. The Bi-RRT* algorithm is exploited
to efficiently explore large areas of the space with a random
sampling strategy, as shown in Figure 1. A comprehensive
graph of possible paths in the workspace is generated
by expanding two trees with root nodes at the specified
start and goal configurations. With a reasonable selection
of hyper-parameter values, such as maximum connection
distance and iteration limit, it is possible to achieve a
trade-off between planning time and path quality.
The resulting graph is refined by identifying only the
feasible paths effectively leading to the goal configuration
and removing dead ends. Moreover, the Ramer-Douglas-
Peucker (RDP) algorithm is applied to simplify paths, as
depicted in Figure 1. It reduces unnecessary nodes while
preserving critical junctions and branching points. This
process improves the robot’s motion fluidity. Moreover, it
simplifies the representation of states and actions, forming
the basis to generate a Q-table to optimize online the
robot’s motion.
Finally, parent-child relationships between nodes are de-
rived, removing nodes not filtered out by the RDP algo-
rithm but unnecessary to unequivocally identify branching
points, junction points, and single branches. Figure 2 fur-
ther explains the distinction between relevant and unnec-
essary nodes. The final parent-child graph, consisting of N
nodes and Na connections between them, provides the hi-
erarchical structure of the nodes within each feasible path.
In this way, the available transitions from the current robot
configuration to the possible next ones, i.e., the possible
actions for the Q-Learning policy, are defined, enabling the
implementation of the decision-making strategy. Within
the Na connections, self-loops for all nodes are added to
indicate a waiting condition for the robot.

4. Q-LEARNING-BASED DECISION-MAKING
STRATEGY

This Section describes the control strategy enabling the
robot to select the optimal transition from the current
node to the next one among those available in the pre-
computed dataset of paths, minimizing the distance from
the goal while avoiding collisions with the operator. A
Q-Learning algorithm is employed for this purpose. Hu-
man activity is simulated using random motion samples
from the Motion Capture (MoCap) dataset (Müller et al.
(2007)), ensuring a realistic representation of human move-
ments and a generalizable policy to unseen motions.

4.1 Environment and reward definition

To implement and train the optimal QL policy, the agent,
the environment, and the reward must be defined. The
manipulator is the only agent, while the human is part
of the environment and affects its state. The workspace is
discretized into Nv voxels (Figure 3), each represented by
its center Cartesian coordinates relative to the robot refer-
ence frame and side length L. In this way, a structured and
computationally manageable environment representation
is created. To comprehensively describe the environment
of the Markov Decision Process, each state is defined as:

St = (nt, vt)

with nt the robot’s current node and vt the voxel occupied
by the worker. To simplify the implementation, only the
human-hand motion is considered as input, thus reducing
the number of possible states. Moreover, a dummy voxel is
introduced to account for cases where the human is outside
the workspace, i.e. not occupying any of theNv voxels. The
total number of states is: Ns = (Nv + 1) · (N − 1)+1. The
following reward function guides the learning process by
balancing collision avoidance and path efficiency.

Rt = R1
t +R2

t (1)

R1
t =




−1000 if dv(t) = 0,

50 · ln

dv(t)

2a


· dv(t) if dv(t) ≤ a,

ln


dv(t)

2a


· dv(t) otherwise.

(2)

R2
t = µ · 1

dG(t)
(3)

where dG(t) and dv(t) are the distances between the
current robot node nt and the target configuration and the
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Fig. 3. Workspace discretization in Nv voxels and Q-
Learning training process

center of the voxel occupied by the human nv, respectively;
µ is an adjusting factor; a = 1

2

√
3L2 is a safety threshold,

corresponding to the distance between the vertex of a voxel
and its center. The total reward Rt is the sum of two
contributions:

• The conservative term R1
t (equation 2) strongly pe-

nalizes close proximity between the robot’s end-
effector and the voxel occupied by the human worker
(i.e., dv(t) ≤ a) with a maximum penalty of -1000
when colliding (i.e., dv(t) = 0); the reward becomes
positive, increasing with the distance dv(t), only in
safe conditions (i.e., dv(t) > 2a).

• The proactive term R2
t (equation 3) rewards shorter

distances from the current robot configuration to the
target node dG(t).

4.2 Policy training and testing

The QL algorithm, which is also trained offline and is
comprehensively described in Figure 3, employs an ϵ-
greedy strategy for action selection. Initially, exploration
is prioritized (ϵ = 0.9), gradually shifting towards ex-
ploitation in the second half of training episodes thanks
to an exponentially decreasing ϵ-factor. Given the envi-
ronment’s complexity, two different strategies are followed
to accelerate convergence and efficiently optimize the Q-
table. First, as in MDPs the future state depends only on
the current state (nt, vt) and action At (i.e. the transition
from the current node to the next), the robot’s starting
position is randomly selected from the Bi-RRT graph for
each episode. In addition, un-feasible transitions are not
considered: during exploration, the action At is selected
only within the set of feasible transitions at the current
node, avoiding unnecessary computation.
After 50,000 training episodes, the Q-table converges,
reaching the optimal policy. For 7% of states, the self-loop
action is associated with the maximum reward, suggesting
that all transitions to other nodes are undesirable. In
fact, these actions show negative rewards, indicating that,
although permitted, they lead to a robot node located
within the same voxel occupied by the human or extremely
close to it. The self-transition mechanism allows the robot
to wait at the same node until the human voxel changes,
altering the environment state and enabling the algorithm
to discover a desirable transition based on a new combi-
nation of current node and new voxel occupied.
The optimal trained policy is tested on 10 new human

Fig. 4. Examples of offline and online test results: simu-
lated and recorded robot paths

Fig. 5. Experimental setup comprising an ABB CRB15000
robot, a Microsoft Kinect V2 camera and two static
obstacles

MoCap tasks, not used for training. It successfully identi-
fies the shortest sequence of nodes that avoids the voxels
occupied for the specific human in 100% of cases. Fig-
ure 4a illustrates an example of the manipulator’s path
in response to a sequence of human hand-occupied voxels,
randomly sourced from the MoCap dataset.

5. EXPERIMENTAL VALIDATION

All parameter values exploited for the implementation and
offline training of the optimal policy are summarized in
Table 1.
For the experimental validation, a Microsoft Kinect V2
sensor and the Mediapipe Hand Landmarker algorithm
(Zhang et al., 2020) were used to track the human wrist’s
position. The experimental setup can be found in Figure 5.
Some tests were conducted on an ABB GoFa™ robotic arm
to validate the effectiveness of the method under various
scenarios: 1 test without human presence (“No human”), 5
with human hand position fixed in the workspace (“Static

Table 1. Parameters values for the decision-
making policy training

# # # # Voxel Safety Adjusting
nodes actions voxels states side threshold factor
N Na Nv Ns L a µ
131 331 30 4031 30 25.98 25
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The QL algorithm, which is also trained offline and is
comprehensively described in Figure 3, employs an ϵ-
greedy strategy for action selection. Initially, exploration
is prioritized (ϵ = 0.9), gradually shifting towards ex-
ploitation in the second half of training episodes thanks
to an exponentially decreasing ϵ-factor. Given the envi-
ronment’s complexity, two different strategies are followed
to accelerate convergence and efficiently optimize the Q-
table. First, as in MDPs the future state depends only on
the current state (nt, vt) and action At (i.e. the transition
from the current node to the next), the robot’s starting
position is randomly selected from the Bi-RRT graph for
each episode. In addition, un-feasible transitions are not
considered: during exploration, the action At is selected
only within the set of feasible transitions at the current
node, avoiding unnecessary computation.
After 50,000 training episodes, the Q-table converges,
reaching the optimal policy. For 7% of states, the self-loop
action is associated with the maximum reward, suggesting
that all transitions to other nodes are undesirable. In
fact, these actions show negative rewards, indicating that,
although permitted, they lead to a robot node located
within the same voxel occupied by the human or extremely
close to it. The self-transition mechanism allows the robot
to wait at the same node until the human voxel changes,
altering the environment state and enabling the algorithm
to discover a desirable transition based on a new combi-
nation of current node and new voxel occupied.
The optimal trained policy is tested on 10 new human

Fig. 4. Examples of offline and online test results: simu-
lated and recorded robot paths

Fig. 5. Experimental setup comprising an ABB CRB15000
robot, a Microsoft Kinect V2 camera and two static
obstacles

MoCap tasks, not used for training. It successfully identi-
fies the shortest sequence of nodes that avoids the voxels
occupied for the specific human in 100% of cases. Fig-
ure 4a illustrates an example of the manipulator’s path
in response to a sequence of human hand-occupied voxels,
randomly sourced from the MoCap dataset.

5. EXPERIMENTAL VALIDATION

All parameter values exploited for the implementation and
offline training of the optimal policy are summarized in
Table 1.
For the experimental validation, a Microsoft Kinect V2
sensor and the Mediapipe Hand Landmarker algorithm
(Zhang et al., 2020) were used to track the human wrist’s
position. The experimental setup can be found in Figure 5.
Some tests were conducted on an ABB GoFa™ robotic arm
to validate the effectiveness of the method under various
scenarios: 1 test without human presence (“No human”), 5
with human hand position fixed in the workspace (“Static

Table 1. Parameters values for the decision-
making policy training

# # # # Voxel Safety Adjusting
nodes actions voxels states side threshold factor
N Na Nv Ns L a µ
131 331 30 4031 30 25.98 25

Table 2. Test results: task completion time T ,
human occupancy volume V , and minimum

robot-human distance dvmin

pose”), 15 with human hand moving linearly along one axis
(“Single axis”, five tests per direction), and 10 with human
performing random task, i.e., 3D-hand motions (“Random
motion”).

5.1 Results and discussion

All tests confirmed collision-free operations. As an exam-
ple, Figure 4b shows the recorded paths followed by the
human hand and the robot end-effector over time for the
third test of the “Random motion” category.
For a comprehensive algorithm validation, two distinct
KPIs were used: the time needed for completing the task T ,
assessing the method’s operational efficiency, and the min-
imum distance between the end-effector and the human
hand dvmin

, verifying that the minimum safety distance a
is kept throughout the entire task execution. In addition,
the human occupancy volume V was computed by treating
the sequence of point coordinates occupied by the human’s
hand over time as a point cloud volume. The recording of
this metric aims to explore a possible correlation between
task execution time T and the extent of human movement
within the workspace.
The test results are presented in Table 2. The fastest
time (18.48s) occurred in the “No human” test and in
the second “Static pose” test: in these cases, the robot
performed the shortest available path, as the human pose
never interferred with it. The distance between the human

hand and the robot’s end-effector consistently exceeds the
established safety threshold a in 93.3% of cases. Only
two “Single axis” tests do not satisfy the threshold. The
robot was moving toward a node considered safe based on
its distance from the worker at the previous node. Still,
the end-effector path came too close to the human hand
one, as the human positions were approximated with the
occupied voxel center. In addition, the subsequent robot
node is chosen based on the current human hand location,
not accounting for the upcoming human movement. The
occupancy volume varies significantly, up to 1147.55cm3.
This parameter is lower in the “Static pose” tests, where
the human is confined to a single voxel and reaches its peak
in the “Random motion” group, as it reflects the extension
and complexity of human movement within the workspace.
The correlation value between this parameter and execu-
tion time T is 0.05, revealing almost no dependence. The
task execution time is not influenced by the extent of the
human motion in the workspace, i.e., whether the hand is
stationary or in motion, but rather by the specific voxel
occupied when the robot is asked to move.
In addition, Figure 6 compares the minimum robot-human
distance dvmin

and task completion time T across all
tests. The overall correlation coefficient between the two
KPIs is 0.28, suggesting a moderate positive dependence.
However, the plot highlights an outlier corresponding to
the fourteenth “Single axis” test, significantly increas-
ing the correlation value. This point has a substantially
longer completion time (T = 86.30s), although the mini-
mum reached distance dvmin more than double the safety
threshold a. During the test generating the outlier, the
robot’s path is subject to some pauses: the best action
corresponds to the self-transition, as all the other possible
moves are deemed too close to the human. This safety
strategy greatly extends the execution time but avoids
stopping and restarting the robot operation, allowing a
seamless collaboration. Without this outlier, the correla-
tion value decreases to almost 0 (≃ -0.0007), indicating
that the robot deviations from the shortest possible path,
imposed to avoid collisions when the manipulator is closer
to the operator, have almost no impact on the execution
efficiency. This result is achieved thanks to the multiple
alternative efficient routes present in the Bi-RRT* path
network, allowing the robot to maintain safety without
significantly increasing execution time.

Fig. 6. Task execution time T against minimum robot-
human distance dvmin



294	 Martina Pelosi  et al. / IFAC PapersOnLine 59-18 (2025) 289–294

6. CONCLUSIONS

In collaborative robotics, production efficiency, flexibility,
and human safety are critical concerns. The developed Q-
Learning strategy enables robots to detect and react to
human movements, preventing collisions while ensuring
seamless collaboration and enhancing productivity. A key
strength of the proposed approach is its generalizability to
various human tasks and applications, which was proved
by validating the trained policy to unseen human paths.
Furthermore, offline path generation and policy training
eliminate the need for complex real-time calculations, en-
hancing practical feasibility. Experimental validation on
the ABB GoFa™ robotic arm confirmed the algorithm’s
effectiveness in maintaining a safe distance from the op-
erator’s hand. Despite these achievements, the approach
shows some limitations, including occasional breaches of
the safety threshold and robot stops increasing the exe-
cution time. These problems are due to insufficient node
density or imprecise human pose estimation. Enhancing
the node number and the workspace discretization could
help avoid these critical conditions. Moreover, incorpo-
rating a predictive strategy for human motion estimation
could enhance the decision-making process, improving the
method’s accuracy and reliability.
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