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 A B S T R A C T

Pick-and-place operations are non-value-added activities but essential in many industrial processes. Some of 
these operations must be performed by dual-arm robots, which represent new challenges in terms of collision-
avoidance due to the use of a shared workspace. This work addresses these two issues by proposing a Task and 
Motion Architecture (TMA) designed to optimize pick-and-place tasks, ensuring efficient and safe operation 
through collision-free movements. This architecture consists of two interconnected sublayers, the Task Planner 
(TP) and the Global Motion Planner (GMP). The TP calculates the optimal sequence of operations, minimizing 
the total execution time and guaranteeing a collision-free sequence. The GMP plans the trajectories of the 
robotic arms using predefined motion strategies and following the calculated optimal sequence. This work 
presents a novel solution for enhancing the efficiency of robot coordination in real-world settings by integrating 
an intercommunicated TP and MP. Results from simulations demonstrate improved task efficiency, reduced 
operational times, and successful collision avoidance between robots.
1. Introduction

Nowadays, robotic systems play an important role in increasing 
efficiency and reducing industrial production costs. In this context, bi-
manual robots provide a technological solution with a higher potential, 
especially in handling and assembly tasks where the coordination of 
movements or speed are critical. Unlike non-concurrent robotic sys-
tems, bimanual robots can perform more complex tasks mimicking 
human manipulation, such as the assembly of small components that 
require two arms for assembly [1], the simultaneous manipulation of 
a single object due to its size or mechanical characteristics [2] or the 
independent manipulation of objects sharing the workspace [3]. In the 
latter case, the generation of independent trajectories introduces addi-
tional complexities in trajectory planning and task optimization due to 
the risk of collisions between robots and the need to synchronize their 
movements efficiently. These challenges highlight the importance of 
developing robust optimization methods that not only avoid collisions, 
but also minimize the total handling time [4], thus maximizing system 
productivity.

The aim of this work in the field of bimanual robotics is to advance 
in the development of algorithms that are able to plan online and 
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execute the trajectory without collisions using an optimal sequenc-
ing strategy, such as [5]. In the present study, a novel two-layered 
architecture has been developed. The first layer, called Task Planner 
(TP), gets the optimal sequence to execute the task, and the second 
layer, called Global Motion Planner (GMP), calculates robotic arm 
trajectories and provides information to the TP if a collision occurs for a 
specified sequence. This iterative step is performed until a collision-free 
sequence is obtained and the movements are programmed following 
some movement strategy. This approach aims to significantly improve 
the assembly speed and operational efficiency of bi-manual robots 
by providing an optimal motion sequence of trajectories that reduces 
downtime, avoids collisions and increases productivity. This article 
details the development and validation of such a model, evaluating its 
effectiveness by comparing different architectures.

The paper is organized as follows. Section 2 provides an overview 
of the current state of the art in trajectory planning and optimization, 
as well as collision detection and collision avoidance. Section 3 defines 
the architecture proposed in this research by outlining its two control 
layers: the Task Planner (TP) and the Global Motion Planner (GMP). 
Results of the research, together with a brief analysis, are presented 
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in Section 4, as well as simulations and experiments. Finally, Section 5 
describes conclusions and outlines possible avenues for future research.

2. Related work

Although they still account for a low percentage of installed robots, 
bi-manual robots are emerging as advanced solutions for complex 
tasks that require the coordination of two arms, leading to increased 
interest and investment in this field. Research on bimanual robots has 
focused on tasks such as path planning, arm coordination, and task 
optimization to avoid collisions and maximize operational efficiency. 
According to Stavridis and Doulgeri [6], the design of algorithms for 
coordinating the movements of concurrent bimanual robots is essential 
to fully exploit their capabilities in dynamic and potentially unpre-
dictable environments. Moreover, bimanual systems offer advantages 
in terms of manipulation of objects of various geometries and sizes, 
which is especially useful in industries such as electronics, textile or 
automotive, where the objects to be manipulated can vary considerably. 
For example, Beetz et al. [7] describes how bimanual robots can be 
programmed to perform complex tasks by translating human instruc-
tions from the web into robotic action plans. This requires advanced 
perceptual and reasoning capabilities, enabling the robots to interpret 
ambiguous instructions, identify objects, and coordinate movements ef-
fectively. However, a key challenge remains in optimizing manipulation 
time and reducing inefficient movements.

Azimirad and Shorakaei [8] proposed a dual hierarchical control 
approach that fuses genetic algorithms and optimal control for the 
global planning of robotic trajectories. This methodology overcomes 
the limitations of analytical and evolutionary techniques by integrating 
them to ensure compatibility with dynamic equations and circumvent 
local minima. The deployment of this methodology in non-holonomic 
mobile manipulators has resulted in notable improvements in efficiency 
and cost-effectiveness. In order to optimize the sequencing of robotic 
assembly operations and guarantee collision-free paths, Givehchi et al. 
[9] proposes a methodology that integrates evolutionary optimization 
techniques and virtual manufacturing. This methodology addresses the 
challenge of optimizing efficiency in automated processes by generating 
optimal sequences that minimize total assembly time and ensure safe 
robot movements. In the context of bimanual robots, the study [10] 
on optimizing manipulation sequences in bimanual robots provides 
a framework for understanding how deep learning methods can be 
applied to significantly improve the operational efficiency of these 
systems. The integration of these advances in bimanual robots aims 
not only to improve the efficiency of automated production processes, 
but also to expand the possibilities for automation in areas that were 
previously considered too complex to be automated.

Collision detection is a fundamental aspect in the planning and 
execution of concurrent robotic tasks, for which different solutions 
have been proposed in recent years, where much research has been 
based on representing robotic systems in convex volumes. For example, 
in [11], the TrajOpt algorithm is proposed as a solution to the problem 
of finding collision-free trajectories from collision-prone straight-line 
initialization. Based on a sequential convex optimization methodology 
that penalizes collisions, the penalty coefficients are adjusted as neces-
sary to avoid collisions. In [12], the implementation of swept volumes 
of spheres has been employed as a means to more accurately model 
manipulators and obstacles. Karush-Kuhn–Tucker (KKT) conditions are 
integrated into the calculation of the minimum distance between ob-
jects and additional control variables are introduced to eliminate the 
non-smoothness of the distance constraints. Furthermore, additional 
controls and constraints are used for each possible collision, the number 
of which increases in proportion to the number of obstacles. Other 
methods for programming the trajectories of two robotic arms have 
been developed based on the discretization of the workspace. In [13], 
an approach to avoid collisions and dynamic deadlocks between robotic 
manipulators in shared spaces is proposed. A real-time motion control 
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algorithm based on non-linear predictive control is used, which is 
formulated as a multi-agent system. Each robot behaves independently, 
taking into account the movements of other robots, which provides 
a scalable and distributed solution for path planning and real-time 
coordination of multiple robotic manipulators. However, this single-
agent approach generates an inefficient solution in terms of execution 
time. In [3], a system is defined that studies all possible position 
configurations that the arms of an ABB-YuMi robot could adopt in the 
workspace and uses a Markov Decision Process (MDP) to obtain the 
best sequence of motions to execute the task.

Trajectory planning on bi-manual robots is essential to ensure safe 
and efficient movements, but its complexity is significantly increased 
due to the need to coordinate two arms operating in a shared space. 
An optimal trajectory should minimize task time or energy consump-
tion while maintaining safe operations. In [14], a review of different 
methods for scheduling and executing assembly tasks is given, high-
lighting the importance of achieving collision-free operations efficiently 
in unstructured environments. Research in this field has proposed 
several methods for path planning, including dynamic programming, 
genetic algorithms and machine learning. Genetic algorithms have 
been successfully employed in [15] to optimize trajectories in complex 
industrial environments, demonstrating significant improvements in 
efficiency and collision risk reduction. In addition, real-time trajectory 
planning is an area of research that seeks to adapt trajectories in 
response to dynamic changes in the environment or in the robot’s tasks. 
In [16], a machine learning-based framework was developed, incorpo-
rating motion planning algorithms to accelerate learning, proposing a 
reinforcement learning (RL) approach.

Trajectory optimization on bi-manual robots is an extension of 
path planning, where not only feasible trajectories are pursued, but 
also the most efficient ones in terms of time, energy and safety. This 
process involves checking trajectories to minimize the overall task 
duration, while ensuring that movements are collision-free. One of the 
approaches in this field is the use of optimization techniques based 
on physical and mathematical models. In [17], a robust optimiza-
tion framework for industrial robotic systems is proposed, considering 
kinematic and dynamic uncertainties. The design objective is estab-
lished by incorporating positioning and joint torque errors. A moment-
based method is used in conjunction with computational optimization 
techniques and the effectiveness is demonstrated through practical 
examples. Another approach in this direction is based on reinforcement 
learning (RL) to improve policies in high dimensional systems. In [18], 
a trajectory model-based RL framework is proposed. This approach 
allows a bimanual humanoid robot to learn to efficiently manipulate 
objects, even in dynamic environments, using a limited number of in-
teractions with the environment. In [19], a deep learning approach for 
robotic manipulation tasks is presented. This method, which uses off-
policy training of deep Q-functions, can scale to complex manipulation 
tasks and learn policies from deep neural networks efficiently enough 
to be trained on real physical robots. In addition, multi-objective opti-
mization has gained attention in trajectory planning for robotic arms. 
In [20], a multi-objective optimization approach, based on deep rein-
forcement learning and optimal planning, is proposed. This approach 
uses a combination of direct and inverse kinematics together with deep 
neural networks to generate and optimize optimal trajectories.

The combination of sequencing and path planning leads to more 
complexity in achieving further system optimization. As in [21], the 
complexity of combining sequencing and path planning in automated 
PCB assembly is addressed using a meta-learning-based approach. 
The proposed method integrates probabilistic modeling and interac-
tive feedback to optimize robotic positioning and assembly processes, 
thereby overcoming challenges such as occlusions and component vari-
ability. By enabling continuous learning and adaptation, this strategy 
simplifies the optimization of task sequences and motion trajecto-
ries, thereby achieving greater efficiency and flexibility in complex, 
multivariate production systems.
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The architecture proposed represents a significant advance in the 
optimization of pick-and-place tasks on two-arm robots, offering a com-
prehensive solution that combines task planning and motion planning 
in an intelligent and coordinated manner. In contrast to conventional 
methodologies, which typically lack a task planner, or, in the few 
instances where one is present, it is limited to unidirectional com-
munication with the path planner. The proposed approach integrates 
a task planner based on the CR-BILP algorithm and a Global Motion 
Planner that considers the simultaneous coordination of both robots. 
The system’s bidirectional communication capability enables it to es-
tablish an optimal object picking order, which minimizes execution 
times and prevents collisions. The architecture significantly reduces 
cycle times, ensures task safety and improves operational efficiency, 
thus establishing itself as a robust and reliable tool for a wide range of 
robotic applications.

3. Methodological development

3.1. Nomenclature

The following is the notation used in this paper:

• 𝐓𝐏: Task Planner.
• 𝐆𝐌𝐏: Global Motion Planner.
• 𝐌𝐏𝐤: Motion Planner robot 𝑘.
• 𝐊: Set of robots. There shall be as many elements in this set as 
there are robots available.

• 𝐒: Set of robots available in each case.
• 𝐈: A set of initial pieces nodes. All have an assigned and known 
position.

• 𝐉: A set of place nodes of parts. All have an assigned and known 
position.

• 𝐩: Number of pieces per configuration.
• 𝐱𝐤𝐢𝐣: Binary variable that determines the route followed by each 
robot. If this variable takes the value 1, it indicates that the robot 
𝑘 shall perform the movement described by the consecutive nodes 
𝑖 and 𝑗, where 𝑖 is the initial node and 𝑗 the final node.

• 𝐭𝐤𝐢𝐣: Estimated movement time of the route followed by each robot 
𝑘 form the node 𝑖 to node 𝑗.

• 𝐫: Number of iterations in solving the binary linear programming 
problem.

• 𝐗𝐫∗: Binary vector. Movements following the optimal sequence.
• 𝐗𝐫∗

𝐤 : Binary vector. Movements following the optimal sequence 
𝑋𝑟∗ performed by the robot 𝑘.

• 𝜏𝐜𝐤: Coordinated trajectory programmed by MoveIt! of the robot 
𝑘.

• 𝛿𝐤𝐚 ,𝐤𝐛 : Collision detected between the robot 𝑘𝑎 and the robot 𝑘𝑏.

3.2. System architecture

The architecture proposed in this work, called Task and Motion 
Architecture (TMA), is based on a control scheme in charge of op-
timizing the pick-and-place task to be performed by several robotic 
arms. The proposed architecture has been designed to be applicable to 
different robotic systems, taking advantage of the flexibility of ROS, 
which allows robots to be easily exchanged and movements to be 
efficiently planned using MoveIt!.

Thanks to this, the Task Planner (TP) dynamically adjusts the data 
used from the robotic model, such as estimated execution times, reacha-
bility and collision detection. Furthermore, the Global Motion Planner 
(GMP) maintains its functionality regardless of the hardware, as the 
planning is adapted by simply modifying the parameters of the robot 
used. This approach is not limited to a specific system and can be 
applied in different robotic environments without requiring structural 
changes to the architecture. This system is made up of two sub-layers 
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with bidirectional communication between them, the Task Planner and 
the Global Motion Planner.

As its name suggests, the Task Planner is a task optimization tool 
that, based on the positions of the pieces, together with the estimated 
time, reachability and collision detection information of the system, 
defines the optimal sequence for picking up the pieces. On the other 
hand, the Global Motion Planner starts from the sequence determined 
by the TP, and its objective is to program and plan the movements 
of the robots to perform the task in an optimal and collision-free 
way, avoiding collisions not only between the robots but also with the 
environment. The architecture has been developed as shown in Fig.  1. 
The communication between the two sublayers is bidirectional. The TP 
generates a sequence that is sent to the MP, which is responsible for 
planning a collision-free path. In turn, the GMP provides information 
to the TP about possible collisions in the defined sequence.

The TP sends to the GMP the sequence to execute, where a series 
of planning checks are performed by MoveIt! to verify if each robot 
can perform the movements, so that no collision with the other robot 
or with the environment is detected. In case of collisions while exe-
cuting the task with linear movements by both robots, the GMP tries 
to adapt the trajectories to avoid collisions. Being is responsible for 
coordinating the different robots to perform the task effectively and 
without collisions.

Once the optimal, collision-free trajectories for each of the robotic 
arms have been planned, they are sent to the robots for execution. Once 
optimal collision-free trajectories have been planned for each of the 
robotic arms, they are sent to the robots for execution. The planning 
part of the architecture is shown in black, while the execution is shown 
in blue, as shown in Fig.  1. This methodology establishes a set of criteria 
to execute the optimal sequence set by the TP and ensure that no 
collisions are encountered.

3.3. Task planner

In contemporary industry, programming and defining sequences for 
robotic arms to perform specific tasks is a meticulous and structured 
process that adheres to a number of fundamental steps. Before starting 
the programming process, it is vitally important to have a thorough 
understanding of the task to be performed by the robot. This requires 
clearly defining the objectives, identifying the initial and final con-
ditions, and determining the resources required, including tools and 
materials. This preliminary analysis ensures that all aspects of the task 
are well defined, thus facilitating subsequent planning and scheduling. 
Task scheduling can be done in a fixed or random sequence, depending 
on the specific nature and requirements of the task. In systems where 
objects arrive at random positions, the choice of a random sequence 
means that the completion time of the sequence can be either the 
optimal or the slowest. The use of a TP is of vital importance when it 
comes to sequencing robotic arms, as it allows to organize and optimize 
the actions needed to complete a task efficiently.

In [5], the sequence is calculated by solving a Binary Integer Linear 
Programming (BILP) problem, selecting the best possible sequence. 
The algorithm is dynamically adapted to each arrangement of pieces, 
taking into account the distance between their positions. As a result, a 
sequence is generated that minimizes the total distance covered by the 
robotic arms to complete the task. The BILP algorithm was originally 
designed for general robotics applications, especially in scenarios where 
motion constraints and range limitations were not a significant factor.

The R-BILP (Reachability-based Binary Integer Linear Program-
ming) algorithm represents a considerable advance over the original 
BILP, as it addresses the main limitations of its design. The R-BILP 
algorithm developed in this paper incorporates the reach limitations 
of anthropomorphic robotic arms, ensuring that all computed task 
sequences remain feasible within the physical constraints of the system. 
In addition, instead of relying on the distance between positions to 
optimize task execution, the R-BILP algorithm uses movement times 
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Fig. 1. Task and motion architecture scheme.  (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
estimated from MoveIt! to improve the accuracy and efficiency of 
motion planning, especially in spatially constrained environments. The 
modification of the optimization criteria allows for more realistic and 
efficient planning, significantly reducing the overall task duration. 
Without this modification, many of the sequences generated by the 
original BILP would be invalid due to the inability of the robotic arms 
to reach certain objects. In contrast, R-BILP guarantees the validity 
of the sequences generated by the task planner in various system 
configurations, overcoming previous approaches that relied on fixed 
or random sequences.

Among the equations defining the algorithm, Eq.  (1) establishes the 
objective function of the algorithm to minimize the total task execution 
time. Eq.  (10) describes the reachability constraint, which takes into 
account the information whether a piece is reachable by one of the 
robots, by both or by neither. In a BILP algorithm, nodes represent key 
points, such as pick and place positions of the pieces. They indicate 
the locations that the robot must visit, and the connections between 
them are optimized to minimize routes and times by considering con-
straints. The algorithm’s constraints are specified in [5] for a better 
understanding.

min
∑

𝑘∈𝐾

∑

𝑖,𝑗
𝑡𝑘𝑖𝑗𝑥𝑘𝑖𝑗 (1)

s.t.
𝑝
∑

𝑖=1
𝑥𝑘𝑠𝑖 = 1 ∀𝑘 = 𝑠, 𝑘 ∈ 𝐾, 𝑠 ∈ 𝑆 (2)

2
∑

𝑘=1
𝑥𝑘𝑖𝑗 = 1 ∀𝑖 = 𝑗, 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽 (3)

𝑝
∑

𝑗=1
𝑥𝑘𝑗𝑠 = 1 ∀𝑘 = 𝑠, 𝑘 ∈ 𝐾, 𝑠 ∈ 𝑆 (4)

2
∑

𝑘=𝑠=1
𝑥𝑘𝑠𝑖 +

2
∑

𝑘=1

∑

𝑗=𝑖
𝑥𝑘𝑗𝑖 = 1 ∀𝑖 ∈ 𝐼 (5)

𝑝
∑

𝑖=𝑗=1
𝑥𝑘𝑖𝑗 ≤ 𝑝 − 1 ∀𝑘 ∈ 𝐾 (6)

2
∑ ∑

𝑥𝑘𝑗𝑖 +
2
∑

𝑥𝑘𝑗𝑠 = 1 ∀𝑗 ∈ 𝐽 (7)

𝑘=𝑠=1 𝑖≠𝑗 𝑘=𝑠=1

4 
∑

𝑖≠𝑗
𝑥𝑘𝑗𝑖 + 𝑥𝑘𝑗𝑠 − 𝑥𝑘𝑚𝑗 = 0 ∀𝑗 = 𝐽 , 𝑘 = 𝑠, 𝑚 = 𝑗, 𝑚 ∈ 𝐼 (8)

𝑝
∑

𝑗=1
𝑥𝑘𝑗𝑖 + 𝑥𝑘𝑠𝑖 − 𝑥𝑘𝑖𝑚 = 0 ∀𝑖 ∈ 𝐼, 𝑘 = 𝑠, 𝑚 = 𝑖, 𝑚 ∈ 𝐼 (9)

2
∑

𝑘=𝑠=1
𝑥𝑘𝑠𝑖 +

𝑝
∑

𝑖=𝑗=1
𝑥𝑘𝑖𝑗 +

𝑝
∑

𝑖≠𝑗
𝑥𝑘𝑗𝑖

+
2
∑

𝑘=𝑠=1
𝑥𝑘𝑗𝑠 = 0 ∀𝑘 ∈ 𝐾; ∀𝑖 ∈ 𝐼 ; ∀𝑗 ∈ 𝐽 (10)

After running a series of simulations, it was observed that the 
improvements incorporated in the R-BILP algorithm led to a significant 
enhancement in task performance, achieving both complete reacha-
bility of all pieces and a reduction in execution time. However, in 
scenarios where the generated sequence caused collisions, the total 
simulation time increased considerably due to the need for additional 
steps, such as motion replanning. In the case of the R-BILP algorithm, 
as it does not consider possible collisions as explicit constraints, its 
application is more suitable in systems where the probability of col-
lision with other objects is low, such as in mobile robotics in open 
environments or in aerial applications.

These conceptual and practical limitations motivated the develop-
ment of a new algorithm, designated as Collision-free Reachability-
Based Binary Integer Linear Programming (CR-BILP), which incorpo-
rates collision checking directly into the planning process. This en-
hancement ensures the generation of feasible, collision-free, and time-
efficient sequences, making it particularly suitable for systems where, 
due to the configuration of the manipulators or the proximity between 
elements, there is a higher probability of collisions during task exe-
cution. In addition to the two improvements already introduced by 
R-BILP, CR-BILP adds the ability to evaluate and avoid collisions during 
planning, a feature absent in the original BILP formulation [5]  and in 
the R-BILP algorithm. This added capability improves the safety and 
efficiency of task execution, allowing the Task Planner (TP) to refine 
the final sequence accordingly.

The implementation of the CR-BILP algorithm incorporates a two-
way feedback and communication system between the Task Planner 
(TP) and the Global Motion Planner (GMP), enabling dynamic inter-
action during the planning process. The algorithm employs an iterative 
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Fig. 2. Flowchart of the CR-BILP algorithm.
procedure: it begins by executing the R-BILP algorithm to generate a 
candidate sequence, which is then evaluated for potential collisions. If 
any collisions are detected, the algorithm is re-executed while exclud-
ing the previously invalid sequences. Eq.  (11) describes the constraint 
introduced into the optimization model, ensuring that the selected 
solution is both collision-free and minimizes the total execution time 
among all feasible alternatives. 
∑

𝑘,𝑖,𝑗
𝑥𝑘𝑖𝑗 < 1 𝑥𝑘𝑖𝑗 ∈ 𝑋𝑟∗ (11)

In summary, Eq.  (11) allows us to eliminate from the problem the 
optimal solutions associated with collisions that are obtained in the first
r iterations. This approach allows the calculation of a sequence that 
not only guarantees the absence of collisions between the robotic arms 
in most cases, but also optimizes the execution time by selecting the 
most efficient sequence among all valid options. In cases where it is 
not possible to identify a collision-free sequence within the specified 
limits, the sequence obtained in the initial iteration will be considered 
as a valid solution, giving priority to the minimization of the execution 
time in the GMP. Fig.  2 presents a flowchart illustrating the operation 
of the CR-BILP algorithm.

3.4. Global motion planner

In this work, the Global Motion Planner layer plays a fundamental 
role in guaranteeing the precision and coordination of the robot’s 
movements in a shared environment. This component, programmed in 
Python and simulated in RVIZ, has the main objective of executing 
the sequence of movements previously defined by the TP, thus ensur-
ing a collision-free execution. The TP uses the CR-BILP algorithm to 
determine the optimal sequence of task execution. In most cases, the 
algorithm is able to generate a collision-free sequence, thus allowing 
both robots to move simultaneously during the execution of a task. In 
the case that CR-BILP is not able to identify a collision-free sequence, 
the sequence provided is the optimal one calculated by the R-BILP 
algorithm. The GMP is in charge of planning the movements of both 
5 
robotic arms. For this purpose, three movement strategies have been 
considered: sequential, simultaneous hybrid and simultaneous parallel.

In situations where the sequence provided by the TP corresponds 
to the one calculated by the R-BILP, a collision detection process is 
performed. This process is based on the calculation of the movement 
plan for each robot of the system, enabling verification of potential 
collisions in any state of the plan. Using MoveIt!, the planned joint 
values in the trajectories are analyzed to determine whether each state 
is valid or whether a collision has been detected or is unreachable for 
the robots. In this way, all necessary trajectories are evaluated, and the 
GMP defines the appropriate type of movement to be performed.

3.4.1. Sequential movement
A simple method of avoiding collisions between robots is to en-

sure that they do not occupy the same workspace. In this approach, 
each component is handled sequentially by the robotic arm whose 
workspace encompasses the designated pick and place positions. Se-
quential movement has been defined as a process in which each robotic 
arm completes its designated set of tasks before the next robot begins 
its own. This approach effectively eliminates the possibility of collisions 
by preventing both robotic arms from operating simultaneously within 
the same workspace. However, this approach also has the disadvantage 
of reducing operational efficiency by reducing the possibility of parallel 
operations, as the tasks assigned to the robots are performed in order 
rather than at the same time.

3.4.2. Simultaneous hybrid movements
Following the implementation of sequential movements, a move-

ment strategy has been proposed that allows the robots to operate 
at the same time, with the aim of reducing task completion times. 
However, the main challenge associated with this approach is to ensure 
the prevention of collisions that may occur during the execution of 
the tasks assigned to each arm. To address this issue, a hybrid motion 
model has been developed that establishes a set of priorities for robot 
coordination.
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Fig. 3. Collision detected between end effectors in the pieces’ place process.
The GMP determines which pieces are to be picked up by each robot 
and in which order, based on the sequence provided by the TP. It is 
the responsibility of the MPs of each robot to plan the movements and 
trajectories. In case of collision during the movement, the information 
is transmitted to the GMP. In the hybrid movement model, the planning 
is adjusted to allow the robots to move simultaneously for as long as 
possible, until a safe point is reached, which is a position away from the 
detected collision point. Subsequently, the robots switch to a sequential 
strategy to avoid collisions and complete the task efficiently.

The order of the movements is determined on a sequential basis, 
with the robot closest to the target being selected as the initial move-
ment. This approach ensures that, in the event of a collision, the robots 
can perform the pick-and-place task without obstacles. As illustrated 
in Fig.  3, the robots can cross each other to deposit each part in its 
final position, which could lead to a collision. The safe point allows 
the robots to move simultaneously to that position and then switch to 
the sequential movement strategy to complete the task.

The Safe Point was calculated by following the planned trajectory 
for each robot from its end point to its start point, checking at which 
point there is no collision and defining this position as the Safe Point. 
To do this, we compared the performance of three search algorithms: 
Linear [22], Binary [23] and Exponential [24]. Linear search is the sim-
plest method, in which each element of a list is traversed sequentially 
to locate the target. This method is ideal for small or unordered lists. 
Binary search, which is a more efficient method, applies to ordered lists 
and consists of repeatedly dividing the search interval in half until the 
target value is found. Exponential search is applicable to exceptionally 
large or potentially infinite lists and combines the identification of a 
search area by progressive doubling of an index with a binary search. In 
the present study, these three algorithms have been adapted in order to 
verify the state of the robotic arms at each iteration. This is achieved by 
comparing the trajectories to identify collision-free points and allowing 
simultaneous movement of the robots. Several tests using the different 
algorithms were conducted using five different configurations of pieces 
and the three different search algorithms. The mean time required to 
identify the safe point was 0.66 s for Binary search, while the other 
algorithms required 0.99 s for Exponential search and 2.90 s for Linear 
search. The results demonstrate that the Binary search algorithm is the 
most effective in fulfilling this task, exhibiting a 78% improvement 
over the Linear search algorithm and a 31.9% improvement over the 
Exponential search algorithm in terms of average time. In conclusion, 
Binary search is the most efficient algorithm for large and ordered 
data sets due to its logarithmic time complexity. The Binary search 
method involves repeatedly dividing the search space into two equal 
parts, which allows for the identification of the desired safe point in a 
relatively short time.

The hybrid strategy not only minimizes downtime with respect 
to the sequential movement of the robots defined in Section 3.4.1, 
but also maximizes operational efficiency by avoiding collisions. The 
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application of this strategy can significantly improve the productivity 
and operational safety of multi-robot systems. This, in turn, facilitates 
the automation of complex processes and increases response capacity 
to variations in the working environment.

3.4.3. Simultaneous parallel movements
In terms of time optimization, the hybrid strategy improves overall 

times compared to sequential movement, but shows room for improve-
ment, as having one robot immobile while waiting for the other to 
perform its tasks leads to significant time loss. Therefore, a parallel 
simultaneous movement strategy has been defined. This new movement 
strategy for a multi-robot system is not only able to avoid collisions 
during task execution, but also further minimizes task duration com-
pared to the hybrid movements defined in Section 3.4.2. Following 
a parallel movement approach, it allows the robotic arms to move 
simultaneously, avoiding collisions and completing tasks in the shortest 
possible time. The main objective of this movement strategy is to keep 
the robots in an operational state for as long as possible.

In the event of a collision between the robots, the end effectors move 
to predefined positions, which are defined according to a criterion that 
takes into account both the distance and the safety of the movements. 
An arbitrage has been defined, in which first, the robot closest to the 
target position is defined as the master robot and moves directly to that 
position. The second arm, the slave robot, adopts a position relative to 
the master, maintaining a safety distance in which both end-effectors 
remain aligned on the same axis in parallel. This safety distance has 
been determined as the minimum necessary for both effectors to exe-
cute their movements without risk of collision, optimizing the planning 
and reducing the total time of the movements. Once the master robot 
has completed the task of picking up the corresponding pieces, the 
process is reversed: the slave robot assumes the role of master and 
moves to its destination point, while the other robot takes on the role 
of slave. This ensures a safe and efficient execution of the process. A 
representation of this movement can be seen in Fig.  4.

The parallel movement strategy allows simultaneous operation of 
both robots for a greater proportion of the task compared to hybrid 
strategy. This system significantly improves operational efficiency by 
optimizing the continuous operational duration of the robots, thereby 
reducing the overall time required to complete operations. In addi-
tion, the risk of collisions is mitigated by assigning master and slave 
functions to the robots, while maintaining predefined safety distances. 
This ensures smoother and safer operation in shared environments, 
optimizing both the efficiency and safety of the multi-robot system.

4. Experimental results

4.1. Experimental setup

The robotic system used in this research consists of two KUKA LBR 
iiwa robots [25], which are 7 DOF robots with sensitive capabilities, 
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Fig. 4. Defined positions in parallel movement to avoid collisions.
Fig. 5. Composition of the pick-and-place system.  (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
making them ideal for working collaboratively with people in assembly 
tasks. Both robotic arms are equipped with 3-finger grippers from 
ROBOTIQ [26], which are suitable for greater flexibility and versatility 
in manipulation tasks. The KUKA LBR iiwa is an industrial manipulator 
that is usually operated via the KUKA Sunrise Cabinet. In this work, 
it has been integrated into ROS (Robot Operating System) [27], an 
open-source robotics platform. ROS provides a modular and flexible 
environment for the development, control and coordination of complex 
robotic systems, allowing seamless integration of components and fa-
cilitating the development of advanced control and motion planning 
algorithms. ROS 1 Noetic has been used with MoveIt! 1, integrating 
RVIZ for simulation and OMPL for path planning. The environment was 
configured on Ubuntu 20.04 using MoveIt! 1 version 1.1.13. A PC with 
AMD Ryzen 9 5900X 12-Core Processor 3.70 GHz, 32 GB RAM, NVIDIA 
GeForce RTX 4060 Ti graphics card and 500 GB of memory was used 
for its execution.

As shown in Fig.  5, the system is composed of two KUKA LBR 
iiwa robots equipped with 3-finger grippers from ROBOTIQ. The task 
involves picking up four pieces from random initial positions and 
placing them in predefined final positions.

This work has focused on solving a four-piece manipulation problem 
(see Fig.  5), each problem to be solved is called configuration. These 
pieces have been identified with different colors and each one is in a 
random pick position (pick as shown in Fig.  5(a)) and must be trans-
ferred to a fixed place position (place as shown in Fig.  5(b)). The main 
objective of the system is to place each part in its final position (place) 
in the shortest possible time and without generating any collision of 
the robots with each other or with the environment. This system has 
applications in various industries, including manufacturing, logistics, 
food industry and assembly process automation.

The developed architecture has been implemented in an experimen-
tal real system within the iMRK project (https://robotik.dfki-bremen.
de/en/research/robot-systems/imrk), carried out by the DFKI in Bre-
men, Germany. The aim of this project is to optimize the workspace 
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utilization between collaborative robots in pick-and-place tasks, ensur-
ing that they can share a workspace without compromising efficiency 
or safety. Fig.  6 shows an image of the real robot system, illustrating 
one of the configurations tested within the iMRK project.

Once the Task Planner (TP) and Global Motion Planner (GMP) have 
been defined, a series of simulations have been performed to evaluate 
the sequencing algorithms of the TP and to compare the improvements 
in accuracy and efficiency in the manipulation of objects by the GMP. 
The TP determines the order in which the pieces are picked, and the 
GMP uses this sequence to program and simulate the execution of the 
task.

In the initial phase of the analysis, 1,000 simulations were con-
ducted to examine the effects of different configurations. In the first 
part of the analysis, as detailed in Section 4.2, the sequence generated 
by the R-BILP algorithm was compared with three other sequences 
representing potential solutions to the problem. These sequences were 
obtained by calculating all feasible solutions of picking order for each 
of the 1,000 configurations, resulting in a range of 24 to 96 dif-
ferent viable sequences. From them, the best sequence (BSEQ), the 
worst sequence (WSEQ) and 500 randomly selected sequences (RSEQ), 
representative of common practice in the industry, were selected. To 
compare these sequences, an estimated simulation time calculated by 
MoveIt! was analyzed, rather than the actual execution time on a phys-
ical robot. This theoretical estimation, used within the Task Planner, 
serves as a criterion to evaluate and select the most efficient sequences.

In the second part of the analysis, focusing on the optimization of 
the movements defined in the GMP (Section 4.3), the 1000 configura-
tions were used again, together with the sequences mentioned in the 
previous paragraph, with the exception of the RSEQ, from which one 
of the 500 sequences used previously was selected. The effectiveness of 
the architecture developed in this study is illustrated by a comparative 
analysis of the total simulation duration. The Simulation Time used in 
the second part has been used to compare different simulations, taking 
into account all the movement strategies of the GMP, together with all 

https://robotik.dfki-bremen.de/en/research/robot-systems/imrk
https://robotik.dfki-bremen.de/en/research/robot-systems/imrk
https://robotik.dfki-bremen.de/en/research/robot-systems/imrk
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Fig. 6. Real robotic setup.
 

the possible sequences generated by the TP. This time covers the entire 
simulation process, from the planning of movements and detection of 
possible collisions by the GMP, to the execution of the simulation with 
MoveIt! in RVIZ. For this purpose, the different movement strategies 
capable of avoiding collisions between the robotic arms, described in 
Section 3.4, were used to determine the extent of the improvements 
that each of them could offer. Furthermore, these movements have 
been compared with those of the CR-BILP, which employs a collision-
free sequence and is designed as a hybrid simultaneous movement. 
Finally, the results of simulations and real-world implementations are 
presented.

4.2. Analysis of task planner

In this first phase of the analysis, the efficiency of the sequencing 
algorithms defined in this study, as described in Section 3.3, was 
evaluated. The results showed that the 500 random solutions generated 
had an average time of 37.00 to 37.25 s when considering the 1000 
configurations. However, the average execution time with the CR-BILP 
algorithm was significantly lower at 35.58 s, representing an improve-
ment of 3.84% to 4.46% depending on the random sequence used 
as a benchmark. In the least favorable scenario, the WSEQ algorithm 
resulted in an average time of 38.69 s, highlighting an 8.03% improve-
ment achieved by the CR-BILP algorithm. Statistical analysis confirmed 
that these differences are significant, with a p-value < 0.001. Notably, 
the BSEQ sequence, representing the best sequence, was identical to the 
sequence calculated by the CR-BILP algorithm. This confirms the effec-
tiveness of the CR-BILP algorithm in identifying the optimal sequence 
for task performance. Additionally, the mean times of the 500 random 
sequences were consistent within the specified range, with the WSEQ 
algorithm consistently showing the poorest performance. The results 
of this analysis confirm the clear superiority of the CR-BILP algorithm 
over existing alternatives, demonstrating a marked improvement in the 
optimization of the total task time.

It has been observed that the execution times of the original BILP [5]
and the R-BILP are very similar in terms of sequence generation, with 
values of 0.00443 s and 0.00481 s, respectively. This suggests that the 
enhancements introduced in the R-BILP, particularly the integration 
of estimated movement times and reachability constraints, do not 
significantly affect computation time. However, they do improve the 
fidelity of the optimization process to the actual robotic execution.

In contrast, the CR-BILP algorithm shows a substantial increase in 
total computation time, reaching an average of approximately 1.133 s. 
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As shown in the table, the majority of this time (around 1.128 s) is spent 
on collision verification, which involves planning robot motions and 
validating that the trajectories are collision-free within the workspace. 
This additional cost is a direct consequence of incorporating real-time 
collision checking into the task planning loop.

While the computational cost of the CR-BILP algorithm is higher 
than that of the others, this overhead is often justified by the benefits 
it provides during execution. When a valid, collision-free sequence is 
identified, the robot can execute the task more efficiently and reli-
ably, eliminating the need for motion replanning or task interruption. 
Therefore, the additional planning time leads to shorter and smoother 
execution times in practice, as well as greater robustness in constrained 
environments. This justifies the increased complexity of the CR-BILP 
approach.

As shown in Table  1, the computation times involved in generating a 
sequence have been divided into two components: sequence calculation 
time (T. Seq. Calc.) and collision verification time (T. Col. Check). This 
separation enables a more precise analysis of the computational load 
introduced by each stage of the algorithm. In addition, the constraints 
integrated into each algorithm have been presented. This includes the 
magnitude they minimize (either distance or time), whether they take 
into account the reachability of objects, and whether they introduce 
collision checking.

As demonstrated in Section 4.3.4, a comparison of the simulation 
times clearly illustrates the efficacy of the TP approach, facilitated by 
the CR-BILP algorithm, in comparison to random sequences. This obser-
vation has been corroborated not only by the estimated times calculated 
by MoveIt!, but also by the results obtained from the simulated system. 
The deployment of an algorithm in the TP layer is corroborated by the 
substantial reductions in execution times observed. The calculated se-
quence optimizes the robot movements, thus minimizing the total time 
needed to complete the task. This is achieved by avoiding unnecessary 
movements and ensuring more direct and efficient trajectories with the 
sequential strategy.

4.3. Analysis of global motion planner

In the second stage of the analysis, the different movement strate-
gies detailed in Section 3.4 were compared by simulation in RVIZ. 
This allowed an estimation of the efficiency of task execution under 
real conditions. In addition, the second algorithm developed in this 
work, CR-BILP, has been included in the comparison to observe the 
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Table 1
Average sequence time and constraints handled per algorithm. (Times expressed in seconds).
 Algorithm T. Seq. Calc. T. Col. Check Mag. Reachability Collision check 
 BILP [5] 0.00443 – Distance No No  
 R-BILP 0.00481 – Time Yes No  
 CR-BILP 0.00487 1.12824 Time Yes Yes  
Fig. 7. Total simulation time (sequential movement).

differences between sequences that have collisions and those that do 
not. In order to verify the correct functioning and compare the effec-
tiveness of the different movement strategies defined in the GMP, the 
total simulation time was used. This time includes both the time taken 
by the TP to calculate the task sequence and the time taken by the 
GMP to plan the movements with MoveIt! and simulate them in RVIZ. 
To ensure a fair comparison, a constant speed of movement was set for 
the robots in all cases.

4.3.1. Results of sequential movements
In the sequential movement strategy, the trajectory is delineated in a 

way that allows one robot to pick up all the assigned components before 
the other robot starts its task. This approach guarantees the absence 
of collisions, thus omitting the need for detailed collision analysis. 
Therefore, the results of the CR-BILP algorithm are identical to those 
obtained with the R-BILP in this case. As demonstrated in Section 4.2, 
the implementation of the TP significantly improves the optimization 
of pick-and-place operations.

As illustrated in Fig.  7, the R-BILP algorithm guarantees the se-
quence that minimizes the total simulation time with the sequential 
motion strategy. The average simulation time of the R-BILP and CR-
BILP algorithms is approximately 59.9 s, which is an improvement of 
2.44% over RSEQ, whose average time is 61.4 s, and 4.62% over WSEQ, 
whose average time is 62.7 s.

4.3.2. Results of simultaneous hybrid movements
Hybrid simultaneous movement allows both robotic arms to initi-

ate their respective movements in synchronization. In the event of a 
collision, the system switches to a sequential movement strategy to 
avoid the collision. Table  2 illustrates the number of collisions produced 
by the different algorithms used in the TP. As can be seen, the CR-
BILP algorithm did not produce any collisions, with 98.8% of the 
sequences completing the task in two pick-and-place processes, while 
the remaining 1.2% were completed in three processes (one of the 
robots picked up three pieces and the other only one). The R-BILP 
identified 54.3% of the sequences without collisions, but 46.6% of the 
time there was at least one collision between the robots, with similar 
results for the BSEQ. All other possible solutions showed lower rates of 
collision-free sequences.
9 
Fig. 8. Total simulation time (Simultaneous hybrid movement).

In addition, Fig.  8 presents a graphical representation of the total 
simulation times of all cases, which clarifies the performance disparities 
between them. In some cases, simulation times above the average 
were observed for the CR-BILP method, corresponding to situations 
where the optimal execution sequence was divided into three phases. 
In these cases, two objects were picked up simultaneously by both 
arms in a collision-free movement, while the remaining objects were 
only accessible by one of the manipulators. These particular conditions 
can be considered as limiting scenarios, where the random spatial 
configuration of the pieces restricts the temporal efficiency of the 
method. However, it is important to note that, even in these situa-
tions, the algorithm was able to generate completely collision-free and 
time-optimized trajectories.

4.3.3. Results of simultaneous parallel movements
Finally, the third strategy proposed in this study consists of carrying 

out trajectories with the end effectors in parallel in the event of a 
collision, so that all possible collisions are avoided while reducing the 
time the robots are stationary. Obviously, the possible collision cases 
correspond to those shown in Table  2. On the other hand, the new 
simulation times can be seen in Table  3.

Fig.  9 presents in more detail the distribution of total simulation 
times for all algorithms.

4.3.4. General comparison
The results indicate that the use of a sequencing algorithm leads to 

a significant performance improvement. Furthermore, when a collision-
free sequence, such as that computed by CR-BILP, is available, it 
enables optimal task execution in terms of total simulation time. Table 
4 presents a summary of the average total simulation times, which 
includes both the planning time for the robotic arm movements based 
on the Task Planner (TP) sequence and the task simulation time in 
RVIZ.

For the Sequential Movement strategy, both R-BILP and CR-BILP 
compute the optimal sequence and achieve an average execution time 
of 59.93 s, with CR-BILP improving execution time by 2.27% over 
RSEQ and 4.59% over WSEQ. For the Simultaneous Hybrid Movement 
strategy, CR-BILP achieves an average time of 36.33 s, improving 
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Table 2
Collision analysis and simulation times for the simultaneous hybrid motion strategy. N : number of executions (absolute number) along with percentage of cases (expressed in %); 
simulation times and mean simulation time (expressed in seconds).
 Algorithm No collision (2 processes) No collision (3 processes) Collision (2 processes) Collision (3 processes) Mean Sim. Time 
 N Sim. Time N Sim. Time N Sim. Time N Sim. Time  
 R-BILP 533 (53.3%) 34.56 1 (0.1%) 47.53 466 (46.6%) 47.63 0 (0.0%) – 40.15  
 RSEQ 483 (48.3%) 35.62 30 (3.0%) 49.51 473 (47.3%) 49.05 14 (1.4%) 66.41 42.22  
 WSEQ 490 (49.0%) 36.00 0 (0.0%) – 424 (42.4%) 49.23 86 (8.6%) 66.86 43.36  
 BSEQ 533 (53.3%) 34.56 1 (0.1%) 47.53 466 (46.6%) 47.64 0 (0.0%) – 40.15  
 CR-BILP 988 (98.8%) 35.21 12 (1.2%) 47.64 0 (0.0%) – 0 (0.0%) – 35.34  
Table 3
Simulation time analysis of simultaneous parallel movement strategy (expressed in seconds).
 Algorithm No collision 

(2 processes)
No collision 
(3 processes)

Collision 
(2 processes)

Collision 
(3 processes)

Mean 
simulation time

 

 R-BILP 34.57 55.93 40.68 – 37.31  
 RSEQ 35.60 49.46 41.85 58.69 39.08  
 WSEQ 35.97 – 42.22 59.19 40.18  
 BSEQ 34.57 55.93 40.68 – 37.31  
 CR-BILP 35.22 47.59 – – 35.35  
Fig. 9. Total simulation time (Simultaneous Parallel movement).

Table 4
Average total simulation times comparison (expressed in seconds).
 R-BILP RSEQ WSEQ BSEQ CR-BILP 
 Sequential movement 59.93 61.32 62.81 59.94 59.93  
 Simultaneous hybrid movement 41.31 43.45 44.55 41.31 36.33  
 Simultaneous parallel movement 38.32 40.16 41.22 38.32 36.33  

performance by 12.1% over R-BILP by eliminating collisions. The im-
provement increases to 16.4% over RSEQ and 18.5% over WSEQ. 
Finally, with the Simultaneous Parallel Movement strategy, CR-BILP 
maintains the same average time and achieves an improvement of 5.2% 
over R-BILP, 9.6% over RSEQ and 11.9% over WSEQ.

The implementation of the CR-BILP sequencing algorithm devel-
oped in this work ensures that all components are accessible thanks to 
the consideration of robot reachability within the system. By incorpo-
rating estimated simulation times, it enables a more accurate estimation 
of task duration, reinforcing the importance of a Task Planner (TP) in 
this architecture. Simultaneous operation of both robots significantly 
reduces task completion time in a shared workspace. A robust collision 
management system is essential to ensure safe and efficient motion 
planning. The simultaneous hybrid and parallel movement strategies 
developed in this study have shown significant improvements over 
sequential execution.

In conclusion, the development of CR-BILP has demonstrated that 
collision avoidance can significantly improve task efficiency. When 
collisions are unavoidable, the Global Motion Planner (GMP) can adopt 
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a Simultaneous Parallel Movement strategy that effectively handles 
collisions while reducing task execution time. This approach has been 
shown to improve efficiency by up to 39.4% compared to sequential 
movements strategy.

4.4. Implementation of the developed architecture

4.4.1. Simulations
To verify the correct functioning of the system developed in this 

work, the TMA has been subjected to simulation tests that faithfully 
reflect the real behavior of the system. These simulations confirm the 
system’s effectiveness under conditions close to reality.

The first movement strategy evaluated was sequential, where one 
robot picked up all the components and then the other proceeded to do 
the same. Although this process is slow and not simultaneous, it guar-
antees the absence of collisions (https://youtu.be/DHUJu9Gg3hs). Re-
garding simultaneous movement strategies, hybrid and parallel move-
ments were also simulated. According to the sequence calculated by 
the TP, a collision was detected during the operation of picking up and 
placing the first two components. In the hybrid strategy, the robots are 
placed in a safe position before executing the movements sequentially. 
No collisions were detected during the handling of the second pair of 
pieces, allowing the operation to be executed simultaneously and safely 
(https://youtu.be/4SqOmCSEeeI).

In the parallel movement strategy, the robots were programmed 
to move their end effectors to parallel positions, maintaining a safe 
distance in the first part of the task to avoid the detected collision. 
The second part of the task was completed without collisions, allow-
ing the remaining steps to be executed smoothly and simultaneously 
(https://youtu.be/4scWX4f7QL4). Fig.  10 presents a series of frames 
is presented, in which the TP was programmed using the CR-BILP 
algorithm. The execution of the task by the robots was demonstrated, 
with the trajectories they followed being displayed, thereby providing 
a clearer visualization of their collision-free movements. A sequence 
was obtained that is not only collision-free but also optimizes the total 
simulation time (https://youtu.be/5v2IwyFSmlY).

4.4.2. Real system experiments
In order to verify the correct functioning of the collision detection 

applied in the motion strategies defined in Section 3.4 of this work, 
some tests were performed on the real system. These tests were carried 
out on the real system (Section 4.1) at the German Research Center for 
Artificial Intelligence (DFKI) in Bremen.

It is important to note that, due to safety concerns, these tests 
were conducted without the manipulation of any objects. The primary 
objective of the study was to verify the architecture developed in this 

https://youtu.be/DHUJu9Gg3hs
https://youtu.be/4SqOmCSEeeI
https://youtu.be/4scWX4f7QL4
https://youtu.be/5v2IwyFSmlY
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Fig. 10. Simultaneous movements with the CR-BILP algorithm.
research, with the aim of evaluating the effectiveness of the planning 
and identifying potential collisions during task execution. To verify 
the effectiveness of the proposed architecture, a test was performed 
using the sequence calculated by the R-BILP in the TP, according to 
the simultaneous hybrid movements strategy of the GMP.

The test performed focuses on collision detection from the sequence 
calculated by TP, and subsequent motion planning following a Simulta-
neous hybrid strategy (Section 3.4.2). As demonstrated in the video, the 
robots move in the first picking process of two pieces simultaneously 
as no collision has been detected and are able to perform the pick-
and-place task. However, in the second set of pieces, a collision was 
detected during the pick process. Consequently, the robots moved to 
a safe position, enabling them to complete the pick and place tasks 
sequentially. Prior to the real-world tests, the planned experiment was 
first simulated to validate its execution. The video of the test run in 
11 
simulation on the actual system can be found here: https://youtu.be/
lBTWwHd_KTY. This demonstration serves to validate the effectiveness 
of the architecture defined in this work in detecting collisions in a real 
robotic system. The video recording of the execution on the real system 
is available at the following link: https://youtu.be/efy6BJxBgoQ.

5. Conclusions

This study proposes a novel Task and Motion Architecture (TMA) 
to optimize pick-and-place tasks in robotic systems with multiple an-
thropomorphic manipulators. Unlike conventional methods, the TMA 
integrates a two-layer planning system with bi-directional communica-
tion, enabling dynamic task optimization. While this study focuses on 
a bimanual setup, its scalable and flexible design allows for seamless 
integration into multi-arm robotic systems. Exploiting the adaptability 

https://youtu.be/lBTWwHd_KTY
https://youtu.be/lBTWwHd_KTY
https://youtu.be/lBTWwHd_KTY
https://youtu.be/efy6BJxBgoQ
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of ROS, the architecture enables easy robot replacement and effi-
cient motion planning through MoveIt!, extending its applicability to 
industrial and collaborative environments.

A key contribution is the Collision-Free Reachability-Based Integer 
Linear Programming (CR-BILP) algorithm, which extends R-BILP by 
incorporating collision detection into sequence planning. Through bi-
directional communication between the Task Planner (TP) and the 
Global Motion Planner (GMP), CR-BILP optimizes the order of execu-
tion based on MoveIt! time estimates while ensuring feasibility and 
collision-free operation, significantly improving efficiency.

In addition, this work introduces adaptive simultaneous motion 
strategies that dynamically adjust execution based on the planned 
sequence and detected collisions. Implemented within the GMP, these 
strategies optimize execution while avoiding collisions. The Simulta-
neous Hybrid Movement strategy allows both robots to move together 
until a collision is predicted, switching to sequential execution when 
necessary. Simultaneous Parallel Movement strategy allows full syn-
chronization of both robots. If a collision is anticipated, predefined 
parallel positions allow continuous movement without interruption. If 
the sequence generated by the TP is collision-free, both robots perform 
fully synchronized movements, resulting in smoother and faster task 
completion.

A comprehensive system evaluation evaluated the TP and CR-BILP. 
For each configuration, all possible solutions were generated and three 
key sequences were analyzed: the best (BSEQ), the worst (WSEQ) 
and 500 random (RSEQ). The results show that CR-BILP improves 
performance by 4% to 8% over other sequence optimization approaches 
when using MoveIt! time estimates, findings that were validated by real 
simulation times.

Further simulations compared algorithm performance with actual 
execution times. The results show that using Simultaneous Parallel 
Movements with CR-BILP improves execution time by 11.9% over 
WSEQ, 9.6% over RSEQ and 5.2% over R-BILP. Overall, integrating 
CR-BILP into the TP and enabling the GMP to coordinate simulta-
neous movements reduces execution time by up to 40% compared 
to sequential motion systems, confirming that the proposed architec-
ture improves efficiency and addresses collision avoidance in dual-arm 
pick-and-place tasks.

Future work will focus on optimizing the workspace and refining 
the positioning of the robotic arms to further improve efficiency. The 
scalability of CR-BILP will be evaluated with larger object sets to en-
sure computational efficiency while maintaining performance gains. In 
addition, research will explore adaptive motion planning techniques to 
improve the adaptability of robot motion in the real world, minimizing 
collisions and execution times.
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