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ABSTRACT 
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This thesis examines sequential motion planning for a dual-arm robotic system in a simula-
tion environment. Dual-arm manipulators are increasingly used in manufacturing and collabora-
tive robotics due to their ability to perform coordinated, human-like manipulation tasks. Howev-
er, planning motion for two manipulators in a shared workspace increases complexity and intro-
duces a higher risk of collisions. 

To address these challenges, a fully sequential motion planning strategy is implemented, 
where one manipulator is planned and executed at a time while the other remains stationary. 
The system is developed using ROS 2 for integration, MoveIt for motion planning and collision 
checking, and Gazebo for simulation. Two Franka FR3 manipulators are configured as separate 
planning groups, enabling independent control. A handover-style demonstration scenario is 
used to evaluate the approach, including pickup, transfer, and placement phases. 

The results show that the sequential planning strategy provides stable and reliable task exe-
cution, achieving consistent performance across repeated runs. However, the approach intro-
duces significant idle time, as only one manipulator is active at a time. This limits overall effi-
ciency and prevents the system from leveraging parallel motion, which is a key advantage of 
dual-arm robotics. 

The study demonstrates that sequential motion planning is a practical and predictable base-
line approach for dual-arm coordination, particularly in development and testing environments. 
At the same time, it highlights the need for more advanced or hybrid strategies to improve effi-
ciency and better utilise both manipulators in shared workspaces. 
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1. INTRODUCTION 

Robot manipulators are a central part of modern manufacturing industries. However, a 

significant portion of their applications focus on simple, repetitive tasks, such as cutting, 

welding, or painting [1, Ch. 1].  With the growing interest in collaborative robotics, atten-

tion is shifting toward robotic systems capable of executing more complex tasks, where 

dexterity comparable to that of human hands is essential. In this context, dual-arm sys-

tems appear to meet these requirements while additionally offering reduced costs and 

improved energy efficiency compared to single-arm systems. [2] 

Beyond collaborative tasks, dual-arm robots offer significant advantages in a range of 

manufacturing tasks. These systems enhance assembly and handling capabilities by 

removing the dependence on fixtures or jigs, enabling the manipulation of large, heavy, 

and deformable objects, and extending the operational workspace [3, p. 38]. In addi-

tion, by replicating human two-handed manipulation, they enable the completion of 

tasks that are difficult or impossible for single-arm robots, such as certain kinds of as-

sembly, sorting, and packaging [2]. However, planning the motion of robots for such 

tasks is considerably more complex than for single-arm systems and requires addition-

al considerations. In particular, the physical contact and interaction between the two 

arms introduce unique challenges that must be carefully addressed during motion 

planning. [4] 

Besides challenges, there are also multiple ways of approaching motion planning for 

dual-arm robots. Based on the complexity of the task, motion can be planned sequen-

tially or simultaneously. In sequential motion planning, planning occurs one arm at a 

time, and in simultaneous planning, both arms can be planned at the same time [5], [6]. 

Sequential planning is considered the computationally simpler solution, and this thesis 

will focus on it. 

Simulation provides a practical environment for developing and testing motion planning 

algorithms before deployment on physical robotic systems. Furthermore, it is more af-

fordable and lower-risk to test algorithms under development in a simulation because it, 

for instance, reduces the risk of breaking expensive hardware [7]. Using simulation 

eliminates the risk of damaging a robot if collisions occur between the robot arms in 

dual-arm robots.  

Therefore, the purpose of this thesis is to examine sequential motion planning of a du-

al-arm robot in a simulation environment. A simple demonstration scenario is executed 
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which uses sequential planning strategy to plan movements of the two arms using ROS 

2 (Robot Operating System 2) and MoveIt framework. This thesis also examines ad-

vantages and disadvantages of sequential motion planning strategies compared to 

simultaneous motion planning strategies. 
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2. LITERATURE BACKGROUND 

This chapter introduces the structure of robotic manipulators and the fundamentals of 

motion planning. It also explains how dual-arm systems differ from more commonly 

used single-arm systems and focuses on the unique aspects of dual-arm motion plan-

ning. Understanding motion planning methods requires understanding the structure of 

the robot and its mechanisms of movement, so this chapter will explain the relevant 

underlying theory of robot manipulators. 

2.1 Robotic manipulators  

A robot manipulator is a programmable mechanical structure designed to resemble a 

human arm. It typically consists of a base, arm, wrist and end-effector. [8, pp. 401–408] 

Figure 1 shows the basic structure of a robot manipulator. The arm is composed of rig-

id links connected by movable joints, which enable relative motion between the links 

and ultimately determine the movement of the robot [9]. 

 

Figure 1.  Main components of a robot manipulator, including the arm, 
base, wrist, and end-effector.  

The combination of links and joints defines the robot’s Degrees of Freedom (DoF), 

which is the independent movements it can perform. Each joint contributes to the over-

all DoF, determining how flexibly the robot can position itself and interact with its envi-
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ronment. With 6 DoFs, a robot can reach all positions and orientations within three-

dimensional space. [8, p. 408]  

At the tip of the manipulator is the end-effector, which serves as the interface between 

the robot and its environment [1, Ch. 1]. The end-effector can be a gripper, a tool, or 

any device that allows the robot to perform specific tasks [8, pp. 407–408]. Its position 

and orientation depend on the coordinated movement of the robot’s joints, making it the 

focal point for motion planning and task execution [1, Ch. 1].  

2.2 Motion planning in robotics 

Once the structure, DoFs, and end-effector of a manipulator are understood, the next 

step is to determine how the robot moves from one configuration to another. This is 

handled through motion planning, which determines how a robot should move from an 

initial configuration (start) to a final configuration (goal) while avoiding obstacles and 

satisfying system constraints [9]. Motion planning includes path and trajectory planning, 

which are interrelated yet distinct elements of controlling robot movement [1, Ch. 5,7]. 

Path planning focuses on the geometry aspect of motion planning. It is used to find the 

most suitable path between two points. When planning a path, it takes into account col-

lision avoidance and possible via-points. [1, Ch. 5] Trajectory planning builds upon this 

by assigning timing information to the path, specifying velocities and accelerations to 

ensure smooth execution [9]. For instance, a pick-and-place task requires not only a 

collision-free path for the end-effector but also controlled speeds to avoid dropping or 

damaging objects. 

The target point of a robot motion can be described either in joint space or in task 

space. Accordingly, motion planning can be performed in either representation to gen-

erate the desired movement toward the target. [1, Ch. 5] In task space, the motion is 

defined in terms of the end-effector position and orientation in the workspace. It is 

common to define a path in the task space because it allows a natural representation of 

the task and obstacles in the operating environment. In contrast, joint space represents 

the robot’s individual joint variables, which are directly used for control and trajectory 

generation. [9, pp. 13–14] 

In robot motion planning, several constraints must be considered. The planned path 

and trajectory must ensure safety by avoiding collisions with both the environment and 

the robot’s own structure. [1, Ch. 6] In addition, singular configurations must be consid-

ered, as they can lead to a loss of mobility and controllability, where small joint motions 
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may result in large end-effector velocities and certain motion directions becoming un-

controllable [8, Ch. 8]. 

To handle complex manipulators, particularly those with many DoFs, planners often 

use sampling-based methods, such as Probabilistic Roadmap Planners (PRM) and 

Rapidly-exploring Random Trees (RRT). These methods do not require exhaustively 

exploring the configuration space; instead, they sample configurations and connect 

them to find feasible paths efficiently. [9, pp. 12–13] 

Motion planning frameworks, such as OMPL (Open Motion Planning Library) and 

MoveIt, leverage these concepts to provide practical tools for simulating and executing 

robot motions. By combining knowledge of the robot’s structure, DoF, end-effector, and 

the spaces that represent its motion, these frameworks allow planners to design 

movements that are both effective and safe. Understanding these principles is espe-

cially important when multiple manipulators must coordinate their motion, as in dual-

arm robots, where interactions between arms introduce additional constraints and 

complexity. 

2.3 Dual-arm motion planning 

Moving from single-arm robots to dual-arm robots, the complexity of motion planning 

increases significantly [10]. In this work, the focus is on dual-arm robots in which both 

manipulators operate within a shared workspace. In such scenarios, the primary chal-

lenges arise from the need for coordination and interaction between the arms within a 

shared workspace. Furthermore, dual-arm robots can be considered as a single sys-

tem with an increased number of DoFs, which further contributes to the complexity of 

planning [5]. 

A dual-arm robots typically consists of two single-arm robots or a robot with two arms 

[5]. In both cases, the arms have overlapping workspaces, allowing their end-effectors 

to reach common regions in space, enabling the arms to work together. A robot’s work-

space, also referred to as its work envelope, defines the area in which the manipulator 

can operate and is determined by factors such as arm reach, joint configuration, and 

overall flexibility [8, p. 411]. Furthermore, the space where workspaces of two single-

arm robots overlap is called the feasible workspace. The feasible workspace allows for 

collaboration but simultaneously introduces a risk of collisions between the manipula-

tors. [11] Figure 2 illustrates a robot workspace. 



6 
 

 

Figure 2. Workspace of a 7 DoF robot manipulator. Illustration 
adapted from [12, p. 7].  

In dual-arm motion planning, the goal is to generate paths and trajectories for both 

arms that achieve the desired task while minimizing the risk of collision and maximizing 

efficiency. In dual-arm path planning, collisions must be avoided between the two robot 

arms, in addition to static obstacles [1, Ch. 6], [11]. One effective approach is to model 

each arm’s links as simplified geometric shapes, such as capsules, which enables effi-

cient real-time collision detection. By integrating these models with motion planning al-

gorithms, it is possible to compute collision-free paths that allow the arms to operate 

collaboratively in close proximity while respecting the constraints of the shared work-

space. [11] 

To manage the increased complexity of dual-arm robots, planning strategies can be di-

vided into sequential and simultaneous approaches. In sequential (decoupled) ap-

proaches motion of the arms is planned separately first, after which computed trajecto-

ries are coordinated to avoid collisions. This reduces computational complexity, since 

the planning time of complete motion planning algorithms grows rapidly with the num-

ber of robot DoFs, while collision checking complexity also increases as the number of 

DoFs grows. In contrast, simultaneous (centralized) motion planning computes coordi-

nated trajectories for both manipulators jointly rather than independently, resulting in 

improved collision avoidance, synchronisation, and overall motion efficiency. [13]   

For planning dual-arm robots’ motion commonly used strategies are sampling-based 

methods, search-based and optimization-based methods [10]. RRT and PRM are fre-
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quently applied to sequential motion planning problems as they are suitable for high-

DOF systems. By planning one arm at a time, the overall search space is reduced, and 

collision-free paths can be found more quickly than in fully simultaneous approaches. 

Within sequential planning, prioritized planning is a key coordination strategy. Here, a 

priority is assigned to each arm, and the higher-priority arm is planned first. The motion 

of the second arm is then planned with the first arm treated as a dynamic constraint. 

[5], [13] This approach simplifies coordination, improves predictability, and ensures 

safer operation in shared workspaces. In contrast, fixed-path coordination focuses on 

adjusting the timing of the robots along predefined paths to avoid collisions between 

them, while requiring each robot to follow a fixed trajectory [5]. This makes it particular-

ly suitable for scenarios where the geometric paths are already feasible, but temporal 

synchronisation is required to ensure safe interaction. 

According to Carlier et al. [14], sequential operation simplifies software integration re-

quirements compared to coordinated simultaneous motion, although this comes at the 

cost of increased execution time and reduced system efficiency. The reduced integra-

tion complexity makes sequential planning attractive for applications where implemen-

tation simplicity, reliability, and predictable execution are prioritized over maximum 

temporal performance. However, because only one manipulator is typically active at a 

time, the approach cannot fully utilise the parallel motion capabilities of dual-arm ro-

bots. 
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3. METHODOLOGY 

This chapter describes the research methodology and implementation approach used 

in this study. First, the overall research approach and simulation-based experimental 

setup are introduced. Next, the implemented dual-arm robot, sequential motion plan-

ning strategy, and demonstration scenario are presented. Finally, the evaluation criteria 

and performance metrics used to assess the suitability of the sequential planning ap-

proach for dual-arm robotic coordination are described.  

3.1 Approach 

The coordination of a dual-arm robot using a sequential planning strategy is studied 

through an experimental simulation-based demonstration, which combines quantitative 

performance evaluation with qualitative interpretation of the system behaviour and co-

ordination characteristics. Evaluation is conducted using the implemented demonstra-

tion scenario, focusing on task execution performance, manipulator coordination, and 

dual-arm interaction behaviour. 

A simulation-based approach was chosen because it enables safe testing, easy re-

peatability, and simpler implementation compared to a physical system. Furthermore, 

the simulation environment allows repeated experiments and performance evaluation 

under controlled conditions. The implemented demonstration scenario demonstrates 

manipulator coordination, evaluates synchronisation behaviour, and reveals potential 

interaction conflicts between the manipulators within the selected planning strategy. 

3.2 Simulation environment 

The simulation environment was implemented using ROS 2 together with MoveIt and 

Gazebo. In the study, an existing dual-arm robot simulation environment was used, 

which utilises two Franka FR3 manipulators operating within a shared workspace with 

no external obstacles. [15] Used simulation model includes all joint limits, kinematic 

constraints, and workspace obstacles necessary for safe motion planning. 

The original framework provides integration between ROS 2, MoveIt, MoveItPy, Gaze-

bo, and the franka_ros2 package. It also includes the necessary MoveIt configuration 

packages and ROS 2 controllers supporting dual-arm operation. Within MoveIt, the 
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manipulators are defined as two separate planning groups, left_fr3_arm and 

right_fr3_arm, enabling independent motion planning, collision checking, and trajectory 

generation for each arm through the MoveIt planning pipeline. 

Motion planning and execution were implemented through the MoveItPy Python inter-

face. Pose-based goal definitions were used for defining manipulator target positions 

during task execution. Planned trajectories were executed through the MoveIt execu-

tion pipeline integrated with ROS 2 controllers. 

Gripper functionality was implemented using separate ROS 2 action clients for the left 

and right manipulators. The grippers were controlled independently during the execu-

tion sequence through open and close command actions. 

This dual-arm robot consists of two robot manipulators, referred to as the left and right 

arms, operating in a shared simulated workspace. In the simulation setup, shown in 

Figure 3, the robots are mounted to a shared table close enough to enable completion 

of cooperative tasks. 

 

Figure 3.  Simulated dual-arm robot setup 

In the demonstration scenario, the manipulators perform a coordinated handover se-

quence in which one manipulator approaches a predefined transfer position and the 

second manipulator continues the task execution from the shared handover area. At-

tention is directed specifically toward coordinated robot motion, and no physically simu-

lated object is included in the environment. 
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Figure 4. High-level architecture of the dual-arm manipulation system 
implemented in ROS 2, MoveIt, and Gazebo. 

Overall, the simulation environment leverages ROS 2 for communication and system 

integration, MoveIt for motion planning, kinematic computation, and collision checking, 

and Gazebo for physics-based simulation. Each manipulator is treated as an inde-

pendent planning entity within this architecture, as shown in Figure 4, which presents 

the high-level system structure. 

3.3 Sequential planning strategy 

After establishing the simulation environment and system architecture, the implement-

ed sequential planning strategy can be described. Motion planning begins with one 

manipulator while the second manipulator remains stationary. After the active manipu-

lator has completed its motion execution, the robot state is updated before planning 

and executing the motion of the second manipulator. 
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Figure 5. Sequential motion planning and execution process 

The flow of the motion planning process is illustrated in Figure 5, demonstrating that 

only one arm is actively moving at any given time. Consequently, the employed motion 

planning approach is fully sequential, and no parallel motion execution is possible. As a 

result, although the system operates as a dual-arm robot within a shared workspace, 

the manipulators are planned and executed separately. 

This approach was chosen because it is relatively simple to implement and provides 

predictable execution behaviour within the simulation environment. This approach also 

provides insight into how the movements of one arm may influence the other.  

3.4 Evaluation criteria 

Evaluation of the demonstration scenario was conducted using metrics that focus on 

the reliability, temporal behaviour, and coordination characteristics of the sequential 

dual-arm planning strategy. The selected evaluation criteria directly evaluate the con-

sequences of sequential coordination. The evaluation focuses on four primary metrics, 

which are task success rate, total task execution time, manipulator waiting times, and 

coordination efficiency.  



12 
 

The success rate measures whether the task was completed successfully without 

planning or execution failures. It measures reliability of the sequential planning strategy 

and provides an important indicator of the task consistency. 

Total task execution time measures the duration needed to complete the full demon-

stration sequence. Measurement starts at the beginning of the sequential sequence be-

fore the pickup phase and ends after last placement action has been completed. This 

metric evaluates the execution efficiency. 

Manipulator waiting times measure how long one manipulator remains inactive while 

the other manipulator executes motion. The waiting times are measured separately for 

each manipulator arm. Since the implementation uses sequential execution, waiting 

times provide insight into coordination overhead and manipulator utilization. High wait-

ing times may indicate inefficient task ordering, excessive sequential dependency, or 

poor manipulator utilization. 

Coordination efficiency was used to measure how effectively the manipulators operated 

together during task execution. The metric evaluates the proportion of time manipula-

tors spent waiting while the other manipulator was active. The coordination efficiency is 

calculated as: 

𝐶𝐸 = 1 −
𝑊𝑙𝑒𝑓𝑡 +𝑊𝑟𝑖𝑔ℎ𝑡

2 · 𝑇𝑡𝑜𝑡𝑎𝑙
, (1) 

 

where 𝐶𝐸 is coordination efficiency, 𝑇𝑡𝑜𝑡𝑎𝑙 is total task execution time, and 𝑊𝑙𝑒𝑓𝑡 and 

𝑊𝑟𝑖𝑔ℎ𝑡 are total waiting times of the left and right manipulators, respectively. 

Higher values indicate increased motion overlap and more efficient dual-arm coordina-

tion, whereas values approaching 0.5 correspond to predominantly sequential execu-

tion behaviour with limited simultaneous manipulator activity. Given the fully sequential 

approach, values near 0.5 are expected, but gripper actions and synchronisation de-

lays may influence the value. 
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4. IMPLEMENTATION AND DEMONSTRATION 

This chapter introduces the implementation of the dual-arm motion planning system 

and the demonstration task used in this study. It explains how the simulation environ-

ment was configured and modified to support sequential dual-arm task execution, in-

cluding motion planning, manipulator coordination, and gripper control. The chapter al-

so describes the demonstration scenario and the execution sequence performed by the 

manipulators. 

4.1 Motion planning implementation 

Implementation work began by familiarising with the existing simulation environment 

and its functionality. After understanding the system structure and launch process, a 

suitable coordinated dual-arm demonstration task was designed for the study. 

This study mainly contributed to modifying an existing ROS 2 node to execute a cus-

tom sequential motion demonstration. Sequential arm actions, pose-based task execu-

tion, coordinated handover positioning, gripper control logic, and execution ordering be-

tween the two manipulators were all integrated into the implementation.  

The original simulation environment mainly supported predefined joint space motions. 

To enable more flexible and realistic manipulator behaviour, pose-based motion plan-

ning was used by defining end-effector target poses. Target positions and orientations 

of the manipulators’ end-effectors were acquired manually through RViz by moving the 

robot into suitable positions and recording the corresponding pose values. Figure 6 

shows the RViz interface used for defining the target poses. 
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Figure 6. RViz interface used for motion planning visualization 

Target motions were defined using PoseStamped messages. In addition to pose-based 

targets, predefined joint space configurations were utilized through the MoveIt Robot-

State interface to move the arms into their starting positions. 

The implemented planning process follows a fully sequential execution structure and 

proceeds through the following stages: 

1. Updating the robot state: 

Before each motion, the current state of the active manipulator is updated using 

the current robot configuration. This ensures that planning starts from the latest 

executed robot position.  

2. Defining pose goals: 

PoseStamped messages are used to define the target motions. Each pose goal 

specifies the desired end-effector position and orientation relative to the robot 

base frame. Separate pose goals are defined for approach motions, transfer 

positioning, and placement motions.  

3. Assigning goal states: 

The target pose is assigned to the active planning component through MoveIt-

Py. The manipulator end-effector link acts as the reference link for trajectory 

generation.  

4. Trajectory planning: 

MoveIt generates a collision-free trajectory for the active manipulator based on 

the current robot state and target pose. Trajectory generation uses the MoveIt 

planning pipeline integrated into the simulation environment.  
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5. Trajectory execution: 

Once planning succeeds, the generated trajectory is executed through the 

MoveIt execution interface. During this phase, the second manipulator remains 

stationary until execution of the active motion is complete.  

6. Sequential continuation: 

After execution finishes, the robot state is updated again and planning proceeds 

to the next manipulator or task phase. 

This process is repeated throughout the demonstration sequence for both manipula-

tors. In addition, the implementation records task success, total execution time, manip-

ulator waiting times, and coordination efficiency for evaluation purposes. The modified 

python script can be found from Appendix A. 

To simplify repeated planning and execution operations, a helper function was used in 

the implementation. This function combines trajectory planning, execution handling, 

execution result validation, and motion failure reporting into a reusable structure. 

Gripper control was implemented separately from the arm motion planning pipeline us-

ing ROS 2 action interfaces. Independent action clients were configured for both ma-

nipulators, allowing open and close commands to be executed during different phases 

of the task sequence. 

During execution, short delay periods were inserted between selected actions using 

sleep() commands. These pauses improved synchronisation stability and simulation 

timing while also ensuring that gripper operations had fully completed before the next 

task phase began. 

4.2 Task description 

The demonstration scenario consists of three main task phases displayed in Figure 7. 

In the first phase, the left manipulator performs an approach and simulated pickup mo-

tion from the left side of the workspace. In the second phase, both manipulators move 

into a shared handover area where coordinated positioning between the manipulators 

takes place. In the final phase, the right manipulator performs a placement motion to-

ward the opposite side of the workspace. 
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Figure 7. Main phases of the dual-arm handover task 

The figure illustrates the overall motion coordination process and the spatial relation-

ship between the manipulators during task execution. The red block shown in the figure 

is included only for visualization purposes and does not represent a physically simulat-

ed object within the environment. 

The task was selected because it demonstrates typical coordination challenges present 

in dual-arm motion planning, particularly during manipulator interaction within a shared 

workspace and self-collision of the arms. It requires careful temporal coordination be-

tween the two manipulators to avoid conflicts while maintaining continuous task execu-

tion. This makes it suitable for evaluating coordination efficiency and the impact of se-

quential planning on overall system performance. 

4.3 Scenario execution 

The scenario began after the simulation launcher finished setting up the Gazebo envi-

ronment, the robot controllers, the robot descriptions, and the MoveIt planning compo-

nents. Once everything was fully initialized, the sequential execution node automatical-

ly started the demonstration. 

At the start, both manipulators moved to their predefined starting configurations. Motion 

happened sequentially, with the left manipulator moving first and the right following af-

terward. After they reached their starting positions, the grippers opened in the same 

order before the coordinated task sequence begins. 

Execution started with the pickup phase performed by the left manipulator. First, the 

arm moved to an approach position above the pickup area. It then descended toward 

the pickup point, where the gripper closed to simulate grasping. A short delay followed 
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to ensure completion of the gripper action. Figure 8 shows the left manipulator posi-

tioned at the pickup location before grasping. Afterward, the manipulator returned to 

the approach position. 

 

 

Figure 8.  Left manipulator positioned at the pickup location prior to 
the grasping action 

Following the pickup, the right manipulator moved to a predefined waiting position. This 

position provided sufficient workspace clearance for the later handover motion. Then 

the left manipulator moved toward the predefined handover position, after which the 

right manipulator moved first to a handover approach position and then to the final 

handover location. 

The transfer phase took place at the shared handover location between the manipula-

tors. During the transfer sequence, the right gripper closed to simulate grasping, fol-

lowed by a short synchronisation delay. The left gripper then opened to simulate re-

lease of the transferred object. Figure 9 presents the manipulators during the transfer 

phase with both grippers momentarily closed. 
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Figure 9.  Manipulators positioned at the handover location during 
transfer  

After the transfer, the placement phase began. First, the right manipulator returned to 

the placement approach position. Once that motion was complete, the left manipulator 

moved back to the pickup approach position. The right arm then descended toward the 

final placement location, where the gripper opened to simulate object release. Another 

short delay ensured completion of the gripper action before the manipulator returned to 

the placement approach position. Figure 10 shows the final placement stage. 

 

Figure 10. Right manipulator at the final placement location after object 
release 

At the end of the demonstration, the left manipulator remained at the pickup approach 

position while the right manipulator remained at the placement approach position. 
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These final positions allow the demonstration sequence to be repeated continuously if 

needed. 

The scenario was executed ten times. For each run, task completion success, total ex-

ecution time, manipulator idle periods, and coordination efficiency were recorded. In 

addition, robot motion was observed qualitatively to evaluate coordination behaviour 

and spot any anomalies during task execution. 
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5. RESULTS AND DISCUSSION 

This chapter presents the results of the experimental evaluation and discusses the per-

formance of the implemented dual-arm motion planning system. It summarises the out-

comes of the demonstration runs, analyses manipulator coordination during task exe-

cution, and evaluates the effectiveness of the sequential planning approach. 

5.1 Results 

The results of the ten runs are presented in Table 1, which summarises the measured 

performance metrics for each execution. Table 2 provides the corresponding minimum, 

maximum, and average values to support the overall performance analysis. 

Table 1:  Experimental results of the ten runs 

Run Success Total task 

time (s) 

Left wait 

time (s) 

Right wait 

time (s) 

Coordination 

efficiency 

1 Yes 62.242 23.809 27.855 0.585 

2 Yes 61.312 25.997 25.006 0.584 

3 Yes 71.904 23.758 37.532 0.574 

4 Yes 65.240 23.858 30.825 0.581 

5 Yes 71.287 23.808 36.656 0.576 

6 Yes 63.406 23.608 28.973 0.585 

7 Yes 70.628 23.558 35.256 0.584 

8 Yes 63.904 23.708 27.856 0.597 

9 Yes 62.967 23.658 28.775 0.584 

10 Yes 68.677 23.757 34.335 0.577 
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Table 2: Minimum, maximum and average of the measured metrics 

 

Metric Minimum Maximum Average 

Total task time 61.312 s 71.904 s ~66.157 s 

Left wait time 23.558 s 25.997 s ~23.952 s  

Right wait time 25.006 s 37.532 s ~31.307 s 

Coordination efficiency 0.574 0.597 ~0.583 

Task success rate 100% 100% 100% 

 

From Table 2, total task time varied from 61.312 to 71.904 seconds, with an average of 

about 66.157 seconds across all runs. This shows moderate variation in overall com-

pletion time between executions. The left manipulator's waiting time was relatively sta-

ble, ranging from 23.558 s to 25.997 s, with an average of about 23.952 s. In contrast, 

the right manipulator's waiting time varied more, from 25.006 s to 37.532 s, with an av-

erage of roughly 31.307 s. Coordination efficiency remained fairly steady across runs, 

ranging from 0.574 to 0.597 with an average of about 0.583. The task success rate was 

100% across all runs, with no failures observed.  

5.2 Discussion 

Sequential motion planning coordinated the dual-arm robot in a stable, predictable way, 

but efficiency dropped, and true parallel execution was lost. Carlier et al. [14] make a 

similar point: sequential operation tends to be simpler to implement and integrate than 

tightly coordinated simultaneous planning, however it usually performs worse in time 

and overall efficiency. That could be clearly observed in the demonstration as idle time 

remained high, and coordination efficiency hovered around 0.583. 

Even when parallel motion was possible from a task perspective, the execution struc-

ture still prevented it. As a result, one arm remains idle while the other finishes its mo-

tion. Those waiting periods push up the total execution time, even though they help 

keep the arms from colliding and make the system easier to predict. This also limits 

one of the main advantages of dual-arm robots: the ability to perform coordinated par-

allel actions with human-like dexterity [2], [4]. Dual-arm setups are typically designed to 
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exploit simultaneous manipulation and cooperation between the manipulators, similar 

to how human hands work together during complex tasks [2], [4], [5]. 

From the waiting times of the arms can be seen that the two arms are not used equally. 

The left manipulator does most of the active work-pickup and transfer-while the right 

manipulator spends more time waiting and mainly supports the handover phase. Such 

an imbalance arises from the combination of task structure and sequential execution 

logic rather than from limitations in the hardware or planning framework. Still, it reduces 

overall resource utilisation, since one arm is consistently more active than the other. 

There is also noticeable variation in how long the right manipulator waits between runs. 

That variation mostly traces back to how the left manipulator moves between the 

pickup and handover positions. If the left arm takes longer or follows a less direct path, 

the delay affects the whole sequence. This shows that performance is not just about 

the coordination strategy, because it is also shaped by motion planning choices like 

waypoint placement and path design. 

Sequential planning makes coordination easy and execution predictable, but it limits 

parallel motion and can lead to uneven use of the two arms. Efficiency suffers as a re-

sult, even though reliability stays high. More flexible coordination strategies, such as 

partial parallel execution, could boost performance while keeping safety and managea-

bility intact. Improving trajectory design would likely cut unnecessary delays as well. 
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6. CONCLUSIONS 

A fully sequential motion planning approach was straightforward to integrate into the 

existing system, as collision avoidance could be achieved through careful selection of 

target poses without requiring complex coordination. The resulting motion was con-

sistent and predictable, making the execution process easy to interpret and control. 

The implemented strategy also demonstrated high reliability in the selected scenario, 

as the task was completed successfully in all repeated runs without execution failures. 

However, this reliability comes at the cost of efficiency. Because only one manipulator 

is active at a time, significant idle periods are introduced, increasing total execution 

time. This highlights a clear trade-off: while sequential planning simplifies coordination 

and improves predictability, it restricts parallel motion and reduces overall system effi-

ciency. 

Fully sequential motion planning can therefore serve as a useful baseline approach for 

dual-arm systems. However, in industrial applications where efficiency is critical, this 

approach is not optimal due to the high level of idle time and limited utilisation of both 

manipulators. 

This study was limited to a simulation-based evaluation and a single demonstration 

task without a physically simulated object. As a result, important real-world factors such 

as contact dynamics, grasp uncertainty, perception errors, and hardware timing effects 

were not included. In addition, the absence of external obstacles simplifies the planning 

problem compared to more realistic industrial environments. These limitations mean 

that the results primarily reflect the behaviour and trade-offs of sequential coordination 

as a planning strategy, rather than its full performance in complex real-world tasks. 

Future work could involve testing the implementation on a physical robotic system and 

extending the approach to allow partial parallel motion. Enabling overlapping move-

ments where possible would reduce idle times and improve overall efficiency while 

maintaining safe operation. 
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APPENDIX A: IMPLEMENTED MOVEIT NODE 
PYTHON SCRIPT 

This appendix includes the modified and actively used parts of the MoveIt Python node 

that were implemented for the dual-arm demonstration in this study. The script is based 

on a ROS 2 and MoveItPy framework and was used to execute sequential dual-arm 

motion planning, gripper control, and performance evaluation. 

 

#!/usr/bin/env python3 

import rclpy 

from rclpy.node import Node 

from rclpy.parameter import Parameter 

from moveit.planning import MoveItPy 

from moveit.core.robot_state import RobotState 

from geometry_msgs.msg import PoseStamped 

from control_msgs.action import GripperCommand 

from rclpy.action import ActionClient 

import time 

import numpy as np 

 

class DualArmHoming(Node): 

    def __init__(self): 

        super().__init__('dual_arm_homing_node') 

        # Use simulation time 

        self.set_parameters([ 

            Parameter('use_sim_time', Parameter.Type.BOOL, True) 

        ]) 

        # MoveItPy interface 

        self.fr3 = MoveItPy(node_name="moveit_py") 

        self.left_arm = self.fr3.get_planning_component("left_fr3_arm") 

        self.right_arm = self.fr3.get_planning_component("right_fr3_arm") 

        # RViz publishers (debug / visualization) 

        self.r_goal_publisher = self.create_publisher(PoseStamped, 

'r_goal_topic', 10) 

        self.l_goal_publisher = self.create_publisher(PoseStamped, 

'l_goal_topic', 10) 

 

        # Gripper action clients 



26 
 

        self.left_gripper_client = ActionClient( 

            self, GripperCommand, 

            '/left_fr3_hand_controller/gripper_cmd' 

        ) 

 

        self.right_gripper_client = ActionClient( 

            self, GripperCommand, 

            '/right_fr3_hand_controller/gripper_cmd' 

        ) 

        # Performance metrics 

        self.task_start_time = 0.0 

        self.task_end_time = 0.0 

        self.left_wait_time = 0.0 

        self.right_wait_time = 0.0 

 

        self.get_logger().info("MoveItPy node initialized successfully.") 

 

    # ---------------------------------------------------------- 

    # Gripper Control 

    # ---------------------------------------------------------- 

 

  def open_gripper(self, side): 

        client = self.left_gripper_client if side == "left" else 

self.right_gripper_client 

        goal = GripperCommand.Goal() 

        goal.command.position = 0.04 

        goal.command.max_effort = 10.0 

  client.wait_for_server() 

        future = client.send_goal_async(goal) 

        rclpy.spin_until_future_complete(self, future) 

        handle = future.result() 

        result_future = handle.get_result_async() 

        rclpy.spin_until_future_complete(self, result_future) 

 

        return result_future.result() 

 

 

    def close_gripper(self, side): 

        client = self.left_gripper_client if side == "left" else 

self.right_gripper_client 

        goal = GripperCommand.Goal() 

        goal.command.position = 0.0 

        goal.command.max_effort = 10.0 

        client.wait_for_server() 
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        future = client.send_goal_async(goal) 

        rclpy.spin_until_future_complete(self, future) 

        handle = future.result() 

        result_future = handle.get_result_async() 

        rclpy.spin_until_future_complete(self, result_future) 

 

        return result_future.result() 

 

    # ---------------------------------------------------------- 

    # Motion Planning Helper 

    # ---------------------------------------------------------- 

    def plan_and_execute_v2( 

        self, 

        robot, 

        planning_component, 

        active_arm, 

        single_plan_parameters=None, 

        multi_plan_parameters=None 

    ): 

 

        plan_result = planning_component.plan( 

            single_plan_parameters=single_plan_parameters, 

            multi_plan_parameters=multi_plan_parameters 

        ) 

 

        if not plan_result: 

            self.get_logger().error("Planning failed") 

            return 

 

        execution_start = time.time() 

        robot.execute(plan_result.trajectory, controllers=[]) 

        execution_end = time.time() 

        execution_duration = execution_end - execution_start 

 

        # Waiting time estimation (sequential execution model) 

        if active_arm == "left": 

            self.right_wait_time += execution_duration 

        elif active_arm == "right": 

            self.left_wait_time += execution_duration 

 

    # ---------------------------------------------------------- 

    # Main Experimental Sequence 

    # ---------------------------------------------------------- 
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    def do_some_stuff(self): 

 

        self.get_logger().info("Starting sequential dual-arm task") 

        self.task_start_time = time.time() 

        self.left_wait_time = 0.0 

        self.right_wait_time = 0.0 

 

        # Initial state 

        self.left_arm.set_start_state_to_current_state() 

        self.right_arm.set_start_state_to_current_state() 

 

        # Joint-space configuration 

        robot_model = self.fr3.get_robot_model() 

        robot_state = RobotState(robot_model) 

 

        joint_values = np.array([ 

            0.0, -0.785, 0.0, -2.356, 

            0.0, 1.57, 0.785 

        ]) 

 

        robot_state.set_joint_group_positions("left_fr3_arm", joint_values) 

        robot_state.set_joint_group_positions("right_fr3_arm", joint_values) 

 

        self.left_arm.set_goal_state(robot_state=robot_state) 

        self.right_arm.set_goal_state(robot_state=robot_state) 

 

        self.plan_and_execute_v2(self.fr3, self.left_arm, "left") 

        self.plan_and_execute_v2(self.fr3, self.right_arm, "right") 

  

        # Pose goals 

        left_pose_approach = PoseStamped() 

        left_pose_approach.header.frame_id = "base" 

        left_pose_approach.pose.orientation.x = 0.0 

        left_pose_approach.pose.orientation.y = 1.0 

        left_pose_approach.pose.orientation.z = 0.0 

        left_pose_approach.pose.orientation.w = 0.0 

        left_pose_approach.pose.position.x = -0.475 

        left_pose_approach.pose.position.y = 0.739 

        left_pose_approach.pose.position.z = 1.093 

 

        self.l_goal_publisher.publish(left_pose_approach) 

         

        left_pose_pickup = PoseStamped() 
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        left_pose_pickup.header.frame_id = "base" 

        left_pose_pickup.pose.orientation.x = 0.0 

        left_pose_pickup.pose.orientation.y = 1.0 

        left_pose_pickup.pose.orientation.z = 0.0 

        left_pose_pickup.pose.orientation.w = 0.0 

        left_pose_pickup.pose.position.x = -0.475 

        left_pose_pickup.pose.position.y = 0.739 

        left_pose_pickup.pose.position.z = 0.869 

 

        self.l_goal_publisher.publish(left_pose_pickup) 

         

 

        left_pose_task = PoseStamped() 

        left_pose_task.header.frame_id = "base" 

        left_pose_task.pose.orientation.x = 0.4948 

        left_pose_task.pose.orientation.y = -0.51665 

        left_pose_task.pose.orientation.z = 0.43859 

        left_pose_task.pose.orientation.w = 0.54395 

        left_pose_task.pose.position.x = -0.4043 

        left_pose_task.pose.position.y = -0.07238 

        left_pose_task.pose.position.z = 1.30432 

 

        self.l_goal_publisher.publish(left_pose_task) 

 

 

        right_pose_waiting = PoseStamped() 

        right_pose_waiting.header.frame_id = "base" 

        right_pose_waiting.pose.orientation.x = 0.704 

        right_pose_waiting.pose.orientation.y = 0.710 

        right_pose_waiting.pose.orientation.z = 0.0 

        right_pose_waiting.pose.orientation.w = 0.0 

        right_pose_waiting.pose.position.x = -0.500 

        right_pose_waiting.pose.position.y = -0.317 

        right_pose_waiting.pose.position.z = 1.399 

 

        self.l_goal_publisher.publish(right_pose_waiting) 

     

 

        right_pose_task_approach = PoseStamped() 

        right_pose_task_approach.header.frame_id = "base" 

        right_pose_task_approach.pose.orientation.x = 0.044257 

        right_pose_task_approach.pose.orientation.y = 0.73226 

        right_pose_task_approach.pose.orientation.z = 0.67779 
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        right_pose_task_approach.pose.orientation.w = 0.049358 

        right_pose_task_approach.pose.position.x = -0.43563 

        right_pose_task_approach.pose.position.y = -0.302591 

        right_pose_task_approach.pose.position.z = 1.31996 

 

        self.l_goal_publisher.publish(right_pose_task_approach) 

        

self.right_arm.set_goal_state(pose_stamped_msg=right_pose_task_approach, 

pose_link="right_fr3_hand_tcp") 

 

        right_pose_task = PoseStamped() 

        right_pose_task.header.frame_id = "base" 

        right_pose_task.pose.orientation.x = 0.044164 

        right_pose_task.pose.orientation.y = 0.73225 

        right_pose_task.pose.orientation.z = 0.67781 

        right_pose_task.pose.orientation.w = 0.049409 

        right_pose_task.pose.position.x = -0.40805 

        right_pose_task.pose.position.y = -0.083209 

        right_pose_task.pose.position.z = 1.30405 

 

        self.l_goal_publisher.publish(right_pose_task) 

        self.right_arm.set_goal_state(pose_stamped_msg=right_pose_task, 

pose_link="right_fr3_hand_tcp") 

 

        right_pose_placement_approach = PoseStamped() 

        right_pose_placement_approach.header.frame_id = "base" 

        right_pose_placement_approach.pose.orientation.x = 0.0 

        right_pose_placement_approach.pose.orientation.y = 1.0 

        right_pose_placement_approach.pose.orientation.z = 0.0 

        right_pose_placement_approach.pose.orientation.w = 0.0 

        right_pose_placement_approach.pose.position.x = -0.456 

        right_pose_placement_approach.pose.position.y = -0.739 

        right_pose_placement_approach.pose.position.z = 1.038 

 

        self.l_goal_publisher.publish(right_pose_placement_approach) 

 

 

        right_pose_placement = PoseStamped() 

        right_pose_placement.header.frame_id = "base" 

        right_pose_placement.pose.orientation.x = 0.0 

        right_pose_placement.pose.orientation.y = 1.0 

        right_pose_placement.pose.orientation.z = 0.0 

        right_pose_placement.pose.orientation.w = 0.0 

        right_pose_placement.pose.position.x = -0.456 
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        right_pose_placement.pose.position.y = -0.739 

        right_pose_placement.pose.position.z = 0.877 

 

        self.l_goal_publisher.publish(right_pose_placement) 

 

        # Pose-based execution  

        self.open_gripper("left") 

        self.open_gripper("right") 

# LEFT ARM PICKUP 

self.left_arm.set_goal_state(pose_stamped_msg=left_pose_approach, 

pose_link="left_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.left_arm,"left") 

 

self.left_arm.set_start_state_to_current_state() 

self.left_arm.set_goal_state(pose_stamped_msg=left_pose_pickup, 

pose_link="left_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.left_arm,"left") 

 

# Gripper actions 

time.sleep(1.0) 

self.close_gripper("left") 

time.sleep(1.0) 

 

# LEFT ARM RETREAT 

self.left_arm.set_start_state_to_current_state() 

self.left_arm.set_goal_state(pose_stamped_msg=left_pose_approach, 

pose_link="left_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.left_arm,"left") 

 

# RIGHT ARM WAITING POSITION 

self.right_arm.set_goal_state(pose_stamped_msg=right_pose_waiting, 

pose_link="right_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.right_arm,"right") 

 

# LEFT ARM TASK POSITION 

self.left_arm.set_start_state_to_current_state() 

self.left_arm.set_goal_state(pose_stamped_msg=left_pose_task, 

pose_link="left_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.left_arm,"left") 

 

# RIGHT ARM APPROACH 

self.right_arm.set_start_state_to_current_state() 

self.right_arm.set_goal_state(pose_stamped_msg=right_pose_task_approach, 

pose_link="right_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.right_arm,"right") 

 

# RIGHT ARM TRANSFER POSITION 

self.right_arm.set_start_state_to_current_state() 

self.right_arm.set_goal_state(pose_stamped_msg=right_pose_task, 

pose_link="right_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.right_arm,"right") 

 

# Object handover 

time.sleep(2.0) 

self.close_gripper("right") 

time.sleep(2.0) 

self.open_gripper("left") 

time.sleep(1.0) 

 

# RIGHT ARM RETREAT 

self.right_arm.set_start_state_to_current_state() 

self.right_arm.set_goal_state(pose_stamped_msg=right_pose_task_approach, 

pose_link="right_fr3_hand_tcp") 
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self.plan_and_execute_v2(self.fr3, self.right_arm,"right") 

 

# LEFT ARM RETURN 

self.left_arm.set_start_state_to_current_state() 

self.left_arm.set_goal_state(pose_stamped_msg=left_pose_approach, 

pose_link="left_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.left_arm,"left") 

 

# RIGHT ARM PLACEMENT APPROACH 

self.right_arm.set_start_state_to_current_state() 

self.right_arm.set_goal_state(pose_stamped_msg=right_pose_placement_appr

oach, pose_link="right_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.right_arm,"right") 

 

# RIGHT ARM PLACEMENT  

self.right_arm.set_start_state_to_current_state() 

self.right_arm.set_goal_state(pose_stamped_msg=right_pose_placement, 

pose_link="right_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.right_arm,"right") 

 

#Placement gripper motions 

time.sleep(1.0) 

self.open_gripper("right") 

time.sleep(1.0) 

 

# RIGHT ARM RETREAT 

self.right_arm.set_start_state_to_current_state() 

self.right_arm.set_goal_state(pose_stamped_msg=right_pose_placement_appr

oach, pose_link="right_fr3_hand_tcp") 

self.plan_and_execute_v2(self.fr3, self.right_arm,"right") 

 

 

 

        # End timing 

        self.task_end_time = time.time() 

        total_task_time = self.task_end_time - self.task_start_time 

        total_wait = self.left_wait_time + self.right_wait_time 

 

        coordination_efficiency = 1.0 - ( 

            total_wait / (2.0 * total_task_time) 

        ) 

 

        self.get_logger().info("EXPERIMENT RESULTS") 

        self.get_logger().info(f"Total task time: {total_task_time:.3f} s") 

        self.get_logger().info(f"Left wait time: {self.left_wait_time:.3f} s") 

        self.get_logger().info(f"Right wait time: {self.right_wait_time:.3f} 

s") 

        self.get_logger().info(f"Coordination efficiency: {coordina-

tion_efficiency:.3f}") 

 

# ---------------------------------------------------------- 

# Main 

# ---------------------------------------------------------- 

def main(args=None): 

    rclpy.init(args=args) 
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    node = DualArmHoming() 

    node.do_some_stuff() 

    rclpy.spin(node) 

    node.destroy_node() 

    rclpy.shutdown() 

 

if __name__ == '__main__': 

    main() 


