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Abstract 

This paper addresses the multi-objective optimization of cooperative dual-arm robotic 

manipulation, focusing on the reduction and balancing of interaction forces during the 

coordinated transport of a shared payload. The manipulation task is formulated from an 

object-centric perspective, where candidate trajectories are defined through intermediate 

object poses that are simultaneously mapped to both robotic manipulators under rigid 

grasping assumptions. Within this framework, the optimization problem is posed as a 

constrained multi-objective search in which the force demands associated with each robot 

are minimized while preserving kinematic feasibility and collision-free cooperative mo-

tion. Two representative population-based multi-objective algorithms, Multi-Objective 

Particle Swarm Optimization (MOPSO) and Non-dominated Sorting Genetic Algorithm 

II (NSGA-II), are evaluated under equivalent trajectory bounds and objective definitions. 

The results provide a set of non-dominated cooperative trajectories that support the selec-

tion of force-efficient motions with lower peak demands and improved load-sharing be-

havior. The comparative analysis demonstrates the potential of multi-objective metaheu-

ristic optimization for force-aware dual-arm manipulation and highlights the different 

convergence and solution-distribution behaviors of MOPSO and NSGA-II in a con-

strained robotic manipulation scenario. 
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1. Introduction 

Recent advances in robotic manipulation have renewed interest in cooperative dual-

arm systems, especially for tasks in which objects must be handled, transported, or reori-

ented in ways that are difficult to achieve with a single robotic arm [1]. By coordinating two 

manipulators around a shared payload, dual-arm systems can improve stability, increase the 

admissible payload range, distribute mechanical effort, and enable more dexterous object mo-

tions in constrained workspaces [2]. These advantages are especially relevant in industrial sce-

narios where bulky, heavy, or irregular objects must be moved safely while maintaining a 

stable grasp and avoiding collisions with surrounding equipment [3]. 
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However, cooperative manipulation also introduces additional planning and control 

challenges. Unlike single-arm manipulation, the motion of both robots is strongly coupled 

through the transported object [4]. A candidate trajectory must therefore be simultane-

ously feasible for two kinematic chains, must preserve the relative grasp configuration, 

and must avoid collisions between the robots, the payload, and the environment [5,6]. In 

addition to these geometric constraints, cooperative execution must also consider the me-

chanical interaction between the manipulators and the object. Poorly planned motions 

may lead to unbalanced force distributions, excessive effort in one of the arms, or large 

interaction forces that can compromise safety, reduce execution robustness, and increase 

mechanical stress on the robotic system [7,8]. 

Most trajectory-planning approaches for robotic manipulation focus primarily on ge-

ometric feasibility, collision avoidance, or execution time. Although these aspects are es-

sential, they do not fully capture the physical quality of a cooperative manipulation task 

[9]. In dual-arm systems, a trajectory that is collision-free and kinematically feasible may 

still be undesirable if it generates high force demands or if the load is unevenly distributed 

between both manipulators [10]. This is particularly important when the payload is trans-

ported under rigid grasping assumptions, since the motion of the object directly deter-

mines the force requirements at the end effectors [11]. Therefore, incorporating interac-

tion-force-related criteria into the trajectory generation process is a necessary step toward 

safer and more mechanically efficient cooperative manipulation. 

From an optimization perspective, force-aware cooperative manipulation is naturally 

a multi-objective problem [12]. Reducing the force required by one manipulator may in-

crease the effort demanded from the other, and improving the balance between both arms 

may require a different shape from the one obtained by optimizing a single scalar objec-

tive. Consequently, aggregating all criteria into a weighted cost function can hide relevant 

trade-offs and make the result highly dependent on manually selected weights [13]. Multi-

objective optimization offers a more informative alternative by generating a set of non-

dominated solutions that represent different compromises between the objectives. 

In this work, cooperative dual-arm trajectory generation is formulated as a con-

strained multi-objective optimization problem aimed at minimizing and balancing the in-

teraction forces required during the transport of a shared payload. Two representative 

population-based multi-objective algorithms are considered: Multi-Objective Particle 

Swarm Optimization (MOPSO) and Non-dominated Sorting Genetic Algorithm II 

(NSGA-II) [14,15]. Within the proposed framework, both algorithms are applied under 

equivalent bounds, constraints, and objective definitions to compare their ability to gen-

erate diverse Pareto-optimal cooperative trajectories and identify meaningful trade-offs 

in the force demands of the two manipulators. 

The main contributions of this paper can be summarized as follows: 

1. An object-centric multi-objective optimization framework for cooperative dual-arm 

robotic manipulation, where the transported payload trajectory defines synchro-

nized references for both manipulators. 

2. A force-aware trajectory evaluation strategy that considers the interaction-force re-

quirements of both robots, enabling the analysis of load sharing and force distribu-

tion during cooperative execution. 

3. A comparative assessment of MOPSO and NSGA-II for constrained cooperative ma-

nipulation, focusing on the quality and distribution of the obtained Pareto fronts and 

their suitability for selecting force-efficient dual-arm trajectories. 

The remainder of the paper is organized as follows. Section 2 reviews the state of the 

art on cooperative dual-arm manipulation and multi-objective optimization in robotics. 

Section 3 introduces the multi-objective metaheuristic algorithms considered in this work, 

namely MOPSO and NSGA-II. Section 4 presents the proposed force-aware multi-objec-
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tive optimization framework, including the object-centric trajectory representation, feasi-

bility constraints, end-effector mapping, and force-based objective formulation. Section 5 

describes the rack pick-and-place use case. Section 6 reports and discusses the results. Fi-

nally, Section 7 summarizes the main conclusions and outlines future research directions. 

2. State of the Art 

2.1. Cooperative Bimanual Robotic Manipulation 

Cooperative bimanual manipulation has become an increasingly relevant research 

field in robotics due to its potential to extend the capabilities of single-arm manipulators 

[16]. By coordinating two robotic arms around a common object, a dual-arm system can 

perform tasks that require higher payload capacity, improved object stability, larger 

grasping support, and more complex reorientation motions [17,18]. These characteristics 

are especially important in industrial environments where objects may be bulky, heavy, 

fragile, or difficult to manipulate safely with a single end effector. 

Smith et al. distinguish between coordinated manipulation tasks in which the arms 

perform different parts of the same task and bimanual manipulation, where both arms 

physically interact with the same object. In goal-coordinated manipulation, the arms contrib-

ute to a common objective without directly sharing physical interaction, whereas “bimanual 

manipulation is defined as physically interacting with the same object” [19]. Under this defi-

nition, cooperative dual-arm manipulation can be understood as a strongly coupled bimanual 

task, since the manipulated object acts as the physical link between both robotic arms. This 

coupling introduces a closed-chain-like behavior, in which the relative pose between the object 

and each gripper must remain constant throughout the task. Consequently, trajectory plan-

ning for cooperative dual-arm systems must simultaneously address reachability, joint limits, 

collision avoidance, inter-arm coordination, and object stability. 

Early and classical approaches to cooperative manipulation focus mainly on the kin-

ematic and dynamic modeling of multiple manipulators grasping a shared rigid object 

[20]. In these formulations, the grasp matrix plays a central role in relating the object 

wrench to the forces and torques applied by each manipulator [21]. The main strength of 

these model-based formulations is that they provide a rigorous mathematical description 

of the relationship between object motion, contact wrenches, and load distribution among 

the manipulators. This makes them particularly useful for analyzing force closure, inter-

nal forces, and cooperative equilibrium conditions. However, these methods usually re-

quire accurate dynamic and contact models and are often formulated at the control or 

force-distribution level rather than as global trajectory planners in cluttered environ-

ments. As a result, they do not always address the simultaneous optimization of object 

motion, collision avoidance, reachability, and force-related performance along a complete 

manipulation trajectory. 

A second group of approaches addresses cooperative manipulation through coordi-

nated motion planning and whole-body or closed-chain control strategies [22]. These 

methods are effective for enforcing the geometric consistency between the arms and the object, 

since they explicitly consider the coupled kinematic structure generated by the shared pay-

load. Their main advantage is the ability to generate coordinated motions that preserve the 

relative grasp configuration and avoid infeasible inter-arm motions. Nevertheless, many of 

these approaches primarily focus on feasibility, tracking, or coordination accuracy, while the 

physical quality of the resulting trajectory, in terms of contact-force reduction or balanced load 

sharing, is usually considered only indirectly or at a later control stage. 

More recent works have expanded cooperative manipulation toward more complex 

and realistic scenarios, including mobile dual-arm platforms, human–robot collaboration, 

unstructured environments, deformable objects, and learning-based bimanual manipula-

tion [23,24]. These contributions have significantly increased the applicability of dual-arm 
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systems by addressing perception uncertainty, environmental variability, deformable-ob-

ject behavior, and generalization across tasks. For example, learning-based and bench-

mark-oriented approaches are useful for improving adaptability in unstructured environ-

ments, while deformable-object manipulation methods extend the scope of bimanual ma-

nipulation beyond rigid payloads. However, these methods often emphasize task execu-

tion, perception-action mapping, or motion generation, and they do not necessarily pro-

vide an explicit multi-objective analysis of the trade-off between the force demands im-

posed on each manipulator. 

In industrial cooperative transport tasks, the manipulated object is frequently held 

by both arms under rigid or semi-rigid grasping assumptions. In these cases, the object 

trajectory directly determines the end-effector references and strongly influences the con-

tact forces required to maintain the grasp. Therefore, a trajectory that is collision-free and 

kinematically valid may still be mechanically undesirable if it produces high gripping 

forces, large variations in contact effort, or an uneven distribution of load between the two 

manipulators. This limitation is especially relevant when the task is performed in con-

strained workspaces, where small changes in the object path can significantly modify the 

posture of each arm and the resulting force requirement. 

Despite these advances, many trajectory generation methods for dual-arm manipu-

lation still prioritize geometric feasibility over physical performance. A trajectory may be 

collision-free and kinematically valid, but it can still generate high interaction forces, poor 

load distribution, or excessive effort in one of the manipulators. In contrast to approaches 

that mainly focus on kinematic coordination, dynamic modeling, or task execution, the 

present work formulates the cooperative transport problem directly as a force-aware 

multi-objective trajectory optimization problem. The proposed method uses an object-cen-

tric representation, so that the payload trajectory defines synchronized references for both 

manipulators, and evaluates each candidate motion according to the contact-force re-

quirements of both robots. This allows the optimizer to generate a Pareto set of feasible 

cooperative trajectories that explicitly represents different compromises between the force 

demanded from each manipulator. Therefore, the contribution of this work lies not only 

in generating feasible cooperative motions, but also in providing a structured way to an-

alyze force-sharing trade-offs during dual-arm manipulation. 

2.2. Multi-Objective Optimization in Robotic Trajectory Planning 

Robotic trajectory planning is inherently a multi-criteria problem. In practical appli-

cations, a trajectory is rarely evaluated according to a single performance indicator [25]. 

Instead, it must satisfy several competing requirements, such as reducing execution time, 

minimizing energy consumption, improving smoothness, avoiding obstacles, limiting 

joint torques, reducing mechanical stress, and maintaining safe interaction forces [26]. 

These criteria are often conflicting: for instance, a faster trajectory may require higher ac-

celerations and larger forces, while a smoother trajectory may increase execution time or 

path length. For this reason, multi-objective optimization has become a valuable tool for 

robotic trajectory generation. 

Traditional single-objective approaches usually combine multiple criteria into a sca-

lar cost function through weighted sums or penalty terms [27]. Although this strategy is 

simple and computationally convenient, it presents an important limitation: the result 

strongly depends on the selected weights [28]. In robotic applications, this dependence 

can be problematic because the relative importance of time, smoothness, energy, collision 

clearance, torque, or force may change depending on the task, payload, environment, or 

safety requirements. Moreover, different weight combinations may lead to different solu-

tions, and an inappropriate choice of weights can hide relevant trade-offs or bias the op-

timizer toward one performance criterion. This can be restrictive in cooperative manipu-
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lation, where different operating conditions may require different compromises between 

performance, safety, and mechanical effort. 

Multi-objective optimization addresses this limitation by searching for a set of non-

dominated solutions instead of a single optimum [29]. In robotic trajectory planning, this 

is particularly useful because it allows us to analyze several feasible trajectories and select 

the most appropriate one according to the desired operational criterion. For example, one 

solution may reduce the force required by the left manipulator, another may reduce the 

force required by the right manipulator, and another may provide a more balanced com-

promise between both arms. This is particularly relevant in cooperative dual-arm manip-

ulation, because minimizing the effort of one manipulator may not necessarily minimize 

the effort of the other. Therefore, preserving the objectives separately provides more in-

formation than aggregating them into a single scalar index. 

Among multi-objective optimization methods, evolutionary and swarm-based algo-

rithms are especially attractive for robotics because they do not require analytical gradi-

ents and can handle nonlinear, non-convex, and simulation-based objective functions [30]. 

This is important in trajectory planning, where each candidate solution may need to be 

evaluated through inverse kinematics, collision checking, dynamic or quasi-static calcu-

lations, and constraint verification. In such cases, the objective landscape may be discon-

tinuous or difficult to differentiate, making population-based metaheuristics a practical 

alternative to classical gradient-based optimization. Their main drawback is the relatively 

high computational cost associated with evaluating many candidate trajectories, espe-

cially when collision checking and force estimation are performed at multiple sampled 

points. However, this cost is acceptable in offline planning scenarios, where the objective 

is to obtain high-quality feasible trajectories before execution. 

The Non-dominated Sorting Genetic Algorithm II (NSGA-II) is one of the most 

widely used evolutionary algorithms for multi-objective optimization [31,32]. Its popular-

ity is mainly due to its elitist selection strategy, non-dominated sorting mechanism, and 

crowding-distance operator, which helps preserve diversity along the Pareto front. These 

characteristics make NSGA-II suitable for robotic trajectory planning problems where 

both convergence toward high-quality solutions and diversity among trade-off alterna-

tives are required. In trajectory optimization, NSGA-II is particularly useful when the fea-

sible region is irregular or highly constrained, because selection, crossover, and mutation 

allow the algorithm to explore different regions of the search space. Its diversity-preser-

vation mechanism is also advantageous when the final decision maker needs a broad set 

of alternative trajectories. Nevertheless, NSGA-II may require a sufficiently large popula-

tion and number of generations to obtain a dense front, especially when feasibility con-

straints strongly restrict the admissible search space. 

Multi-Objective Particle Swarm Optimization (MOPSO) extends the principles of 

Particle Swarm Optimization to multi-objective problems by incorporating Pareto domi-

nance and an external archive of non-dominated solutions [33]. In this type of algorithm, 

particles explore the decision space while being guided by leaders selected from the ar-

chive [34]. This mechanism is particularly useful in continuous optimization problems, 

such as trajectory planning, where candidate solutions are represented by real-valued var-

iables defining waypoints, control points, or motion parameters [35]. MOPSO has therefore 

been applied to several robotic optimization problems involving trade-offs between time, en-

ergy, smoothness, tracking quality, or obstacle avoidance. The main advantage of MOPSO is 

its ability to exploit promising regions of a continuous search space efficiently by combining 

individual memory, swarm interaction, and archive-based leader selection. This can lead to 

fast convergence toward low-cost regions. However, its performance can be sensitive to ar-

chive management and leader-selection strategies, and the resulting Pareto front may become 

sparse or concentrated in specific regions if diversity is not sufficiently maintained. 
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Recent studies in robotic trajectory planning have increasingly adopted multi-objective 

formulations to optimize performance indicators simultaneously. However, the application of 

multi-objective optimization to cooperative dual-arm manipulation remains unexplored. In 

this work, MOPSO and NSGA-II are selected as representative population-based multi-objec-

tive algorithms to address force-aware cooperative trajectory optimization. 

3. Multi-Objective Metaheuristic Algorithms 

This section presents the two multi-objective metaheuristic algorithms considered in 

this work: Multi-Objective Particle Swarm Optimization (MOPSO) and Non-dominated 

Sorting Genetic Algorithm II (NSGA-II). Both methods are population-based optimization 

techniques designed to approximate the Pareto-optimal set of problems involving several 

conflicting objectives. Their main advantage in robotic trajectory optimization is that they 

do not require analytical gradients and can operate with nonlinear, non-convex, and sim-

ulation-based objective functions, which are common when candidate trajectories must 

be evaluated through kinematic feasibility, collision checking, and force-related perfor-

mance indicators. 

3.1. Multi-Objective Particle Swarm Optimization 

Multi-Objective Particle Swarm Optimization extends the original Particle Swarm 

Optimization algorithm to multi-objective problems by incorporating Pareto dominance 

and an external archive of non-dominated solutions. In the original PSO, each candidate 

solution is represented by a particle that moves through the search space according to its 

own experience and the collective experience of the swarm. In MOPSO, this idea is pre-

served, but the single global best solution is replaced by a set of leaders selected from an 

archive that stores the best non-dominated solutions found during the search. 

At iteration 𝑡, each particle 𝑖 is characterized by its position 𝑥𝑖
𝑡 and velocity 𝑣𝑖

𝑡 . The 

particle velocity is updated by combining three terms: an inertial component, a cognitive 

component associated with the particle’s personal best position, and a social component 

guided by a leader selected from the external archive. This velocity update is expressed 

in Equation (1). 

𝑣𝑖
𝑡+1 = ω𝑣𝑖

𝑡 + 𝑐1𝑟1(𝑝𝑖
𝑡 − 𝑥𝑖

𝑡) + 𝑐2𝑟2(𝑔
𝑡 − 𝑥𝑖

𝑡) (1) 

where ω is the inertia weight, 𝑐1  and 𝑐2  are the cognitive and social acceleration coeffi-

cients, 𝑟1 and 𝑟2 are random numbers uniformly distributed in [0,1], 𝑝𝑖
𝑡 is the personal best 

position of particle 𝑖, and 𝑔𝑖
𝑡 is the leader selected from the archive. Once the velocity has 

been updated, the new position of the particle is obtained according to Equation (2). 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝑣𝑖
𝑡  (2) 

The personal best of each particle is updated using Pareto dominance instead of a 

single scalar fitness value. If the new position dominates the previous personal best, it 

replaces it; if the previous personal best dominates the new position, it is preserved. When 

both solutions are mutually non-dominated, a selection criterion is applied, commonly 

based on diversity or random choice. This rule can be expressed as 

𝑝𝑖
𝑡+1 = {

𝑥𝑖
𝑡+1

𝑝𝑖
𝑡

𝑠𝑒𝑙𝑒𝑐𝑡 (𝑥𝑖
𝑡+1, 𝑝𝑖

𝑡)

𝑖𝑓 𝐹(𝑥𝑖
𝑡+1) <  𝐹(𝑝𝑖

𝑡) 

𝑖𝑓 𝐹(𝑥𝑖
𝑡+1) >  𝐹(𝑝𝑖

𝑡)

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (3) 

A key element of MOPSO is the external archive 𝐴, which stores the non-dominated 

solutions discovered by the swarm. After each iteration, the archive is updated by com-

bining the previous archive with the current population and retaining only the non-dom-

inated solutions. This mechanism is mathematically expressed in Equation (4). 
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𝐴𝑡+1 = 𝑁𝐷(𝐴𝑡 ∪ {𝑥1
𝑡+1, 𝑥2

𝑡+1, … , 𝑥𝑁
𝑡+1}) (4) 

where 𝑁𝐷  denotes the operator that extracts the non-dominated subset and 𝑁  is the 

number of particles. Since the archive size is usually limited, diversity-preservation mech-

anisms are required when the number of non-dominated solutions exceeds the maximum 

archive capacity. A common approach consists of dividing the objective space into hyper-

cubes and giving preference to solutions located in less populated regions. This strategy 

improves the spread of the Pareto front and prevents the algorithm from concentrating 

excessively around a narrow region of the objective space. 

The leader 𝑔𝑖
𝑡  used in the velocity update is selected from the archive. In many 

MOPSO variants, leaders are chosen probabilistically, favoring less crowded regions of 

the objective space to promote diversity. This balance between convergence and diversity 

is one of the main strengths of MOPSO. The swarm progressively moves toward promis-

ing areas of the Pareto front, while the archive preserves alternative trade-off solutions 

found during the search. For continuous robotic trajectory optimization problems, this 

behavior is particularly useful because candidate trajectories are usually encoded by real-

valued variables, such as waypoints, control points, timing parameters, or object poses. 

3.2. Non-Dominated Sorting Genetic Algorithm II 

The Non-dominated Sorting Genetic Algorithm II is one of the most widely used 

evolutionary algorithms for multi-objective optimization. It is based on three main mech-

anisms: elitism, non-dominated sorting, and diversity preservation through crowding dis-

tance. Unlike MOPSO, which updates the population using velocity-based motion, 

NSGA-II generates new candidate solutions through genetic operators such as selection, 

crossover, and mutation. 

At generation (t), the algorithm starts with a parent population 𝑃𝑡 = {𝑥1
𝑡 , 𝑥2

𝑡 , … , 𝑥𝑁
𝑡 }). 

From this population, an offspring population 𝑄𝑡   is generated by applying selection, 

crossover, and mutation. The parent and offspring populations are then merged into a 

combined population, as defined in Equation (5). 

𝑅𝑡 = 𝑃𝑡 ∪ 𝑄𝑡  (5) 

where 𝑁 is the population size, 𝑃𝑡 is the parent population at generation 𝑡, 𝑄𝑡  is the 

offspring population generated from 𝑃𝑡, and 𝑅𝑡 is the combined population used for the 

non-dominated sorting process. 

This combined population is size 2𝑁 and is sorted into different non-dominated fronts 

according to Pareto dominance. The sorting process can be represented in Equation (6). 

𝑅𝑡 = 𝐹1 ∪ 𝐹2  ∪  𝐹𝑘 (6) 

where 𝐹1, 𝐹2, … , 𝐹𝑘  are the non-dominated fronts obtained after sorting the combined 

population 𝑅𝑡, and 𝐾 is the total number of fronts generated in the sorting process. The 

first front, 𝐹1, contains the non-dominated solutions of 𝑅𝑡. The second front, 𝐹2, contains 

the solutions that are dominated only by the solutions in 𝐹1. In general, each subsequent 

front 𝐹𝑘 , with 𝑘 = 2,… , 𝐾 , contains the solutions that become non-dominated after re-

moving all the solutions assigned to the previous fronts (𝐹1, …, 𝐹𝑘−1). Therefore, lower 

values of 𝑘 indicate better Pareto ranks. Each solution is then assigned a rank according 

to the front to which it belongs: 

𝑟𝑎𝑛𝑘(𝑥) = 𝑟, 𝑥 ∈ 𝐹𝑟 (7) 

The new parent population 𝑃𝑡+1 is constructed by adding complete fronts in increas-

ing order of rank until the population size (N) is reached. If the next front cannot be fully 

included, NSGA-II applies the crowding-distance criterion to select the most diverse sub-
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set of solutions. The crowding distance estimates the density of solutions surrounding 

each individual in the objective space. For solution  𝑖, this distance is calculated according 

to Equation (8). 

𝑑𝑖 = ∑
𝑓𝑚(𝑖 + 1) − 𝑓𝑚(𝑖 − 1)

𝑓𝑚
max − 𝑓𝑚

min

𝑀

𝑚=1

 (8) 

where 𝑀 is the number of objectives, 𝑓𝑚(𝑖 + 1) and 𝑓𝑚(𝑖 − 1) are the neighboring objec-

tive values after sorting the front according to objective 𝑚, and 𝑓𝑚
max and 𝑓𝑚

min are the 

maximum and minimum values of that objective within the same front. Boundary solu-

tions are assigned to an infinite crowding distance to preserve the extreme regions of the 

Pareto front. 

The selection process in NSGA-II is governed by the crowded-comparison operator. 

Given two candidate solutions 𝑥𝑎  and 𝑥𝑏 , solution 𝑥𝑎  is preferred over 𝑥𝑏  if it has a 

lower non-domination rank or, if both solutions belong to the same front, if it has a larger 

crowding distance. This criterion is expressed in Equation (9). 

𝑥𝑎 ≺𝑛 𝑥𝑏 ⟺ [𝑟𝑎𝑛𝑘(𝑥𝑎) < 𝑟𝑎𝑛𝑘(𝑥𝑏)] ∨ [𝑟𝑎𝑛𝑘(𝑥𝑎) = 𝑟𝑎𝑛𝑘(𝑥𝑏) ∧ 𝑑𝑎 > 𝑑𝑏] (9) 

This operator allows NSGA-II to simultaneously promote convergence toward the 

Pareto-optimal region and preserve a well-distributed set of solutions along the front. 

The offspring population is produced using genetic operators. In continuous optimi-

zation problems, crossover generates new candidate solutions by combining information 

from two parent individuals. A simplified representation of this crossover operation is 

shown in Equation (10). 

𝑥𝑐 = 𝛼𝑥𝑎 + (1 − 𝛼)𝑥𝑏 (10) 

where 𝑥𝑎 and 𝑥𝑏 are parent solutions, 𝑥𝑐 is the generated offspring, and 𝛼 is a recom-

bination coefficient. Mutation introduces local perturbations into selected decision varia-

bles to maintain diversity and explore new regions of the search space. This operation is 

defined in Equation 11. 

𝑥𝑗
′ = 𝑥𝑗 + Δ𝑗  (11) 

where 𝑥𝑗 is the original value of the (j)-th decision variable and Δ𝑗 is a bounded perturbation. 

The elitist structure of NSGA-II ensures that the best non-dominated solutions are 

preserved from one generation to the next, while the crowding-distance mechanism 

avoids premature loss of diversity. This makes NSGA-II particularly suitable for problems 

where it is important not only to approach the Pareto-optimal front but also to obtain a 

broad and well-distributed set of trade-off solutions. 

3.3. Comparison Between MOPSO and NSGA-II 

Although MOPSO and NSGA-II share the same general objective of approximating 

the Pareto front, their search mechanisms are different. MOPSO relies on the collective 

motion of particles guided by personal best positions and leaders selected from an exter-

nal archive. This gives the algorithm a strong memory component and makes it especially 

effective in continuous search spaces, where particles can progressively refine promising 

regions of the solution space. 

NSGA-II, in contrast, evolves the population through selection, crossover, and mu-

tation. Its main strengths are its elitist replacement strategy and its explicit diversity 

preservation through the crowding-distance mechanism. As a result, NSGA-II often pro-

vides a well-distributed Pareto front, particularly when the trade-off surface contains dif-

ferent regions that must be explored simultaneously. 
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In robotic trajectory optimization, these differences are relevant because the search 

space is usually continuous, constrained, and highly nonlinear. MOPSO can provide fast 

convergence by exploiting the archive of non-dominated solutions, while NSGA-II can 

offer robust population diversity through non-dominated sorting and genetic recombina-

tion. A common evaluation framework therefore enables a consistent comparison of both 

algorithms, considering not only the quality of the obtained solutions but also their con-

vergence behavior and distribution across the Pareto front. 

4. Force-Aware Multi-Objective Optimization Framework for  

Cooperative Dual-Arm Manipulation 

4.1. Object-Centric Cooperative Manipulation Model 

The cooperative manipulation task is formulated from an object-centric perspective. 

Instead of planning the motion of each manipulator independently, the transported pay-

load is considered the central element of the trajectory generation process. The trajectory 

is therefore defined in the task space of the object, and the motion of both end effectors is 

derived from the object pose. 

The payload is modeled as a rigid box grasped simultaneously by two robotic ma-

nipulators through fixed contact points located on opposite sides of the object. Under this 

assumption, any admissible motion of the box directly determines the required motion of 

the left and right end effectors. This formulation ensures that both robots remain coordi-

nated during the transport task and that the relative pose between each gripper and the 

box is preserved throughout the trajectory. 

The pose of the box with respect to the world frame is represented by a six-dimen-

sional vector: 

𝑝box = [𝑥, 𝑦, 𝑧, roll, pitch, yaw]⊤ ∈ 𝑆𝐸(3) (12) 

where 𝑥, 𝑦, and 𝑧 define the Cartesian position of the box reference frame, while 𝑟𝑜𝑙𝑙, 𝑝𝑖𝑡𝑐ℎ, 

and 𝑦𝑎𝑤 define its orientation. Since the grasp is assumed to be rigid, the relative transfor-

mations between the box frame and both end-effector frames remain constant during the com-

plete motion. Consequently, once a candidate box pose is defined, the corresponding left and 

right end-effector references are uniquely obtained from the fixed grasp geometry. 

This formulation transforms the cooperative planning problem into a search for a 

feasible object trajectory that can be simultaneously followed by both manipulators. The 

generated trajectory must satisfy the reachability and joint-limit constraints of both robots, 

avoid collisions with the environment and between the manipulators, and reduce the con-

tact-force requirements associated with the cooperative transport of the payload. 

The following assumptions are considered in this study. First, the transported object 

is rigid, and its geometry does not change during the task. Second, the grasp points remain 

fixed with respect to the box, and no regrasping or slipping is considered during trajectory 

execution. Third, the environment is static and represented by collision bodies. Finally, 

the force analysis is based on a simplified frictional contact model that estimates the nor-

mal and tangential forces required at each end effector to satisfy the translational force 

equilibrium of the payload. 

Under these assumptions, the no-slip condition at the grasp points is only considered 

valid when the tangential contact forces required to support and move the payload remain 

within the available friction limits generated by the normal contact forces. Therefore, for each 

sampled pose of the trajectory, the estimated contact forces must satisfy both the payload force 

equilibrium and the friction-cone condition. If these conditions are not fulfilled, the candidate 

trajectory is considered physically infeasible and its simulation is stopped. 
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Figure 1 shows the initial cooperative configuration used in the simulation, where 

two robotic manipulators grasp the same rigid box under fixed bimanual contact condi-

tions. This configuration illustrates the object-centric formulation adopted in the study, 

since the box trajectory defines the synchronized motion references for both manipulators. 

 

Figure 1. Representative configuration of the cooperative dual-arm manipulation task, where two robotic 

manipulators grasp and transport the same rigid box under fixed bimanual contact conditions. 

4.2. Decision Variables and Trajectory Parameterization 

The trajectory is parameterized by a set of intermediate object poses between the 

fixed initial and final configurations of the task. These intermediate poses are the decision 

variables optimized by the multi-objective algorithms. The pose representation follows 

the object-centric formulation introduced in Section 4.1, where each box pose is expressed 

as a six-dimensional vector containing the Cartesian position and roll–pitch–yaw orienta-

tion of the payload. 

Let the complete object trajectory be defined by 𝑛total box poses, including both fixed 

and optimized poses. If 𝑚 poses are fixed by the task definition, the number of optimized 

object poses is given in Equation (13): 

𝑛 = 𝑛total − 𝑚 (13) 

Since each optimized object pose contains six scalar variables, the total number of 

decision variables is: 

𝑛vars = 6𝑛opt = 6(𝑛total−𝑚) (14) 

Each optimized waypoint is defined as 

𝑝𝑘
𝑏𝑜𝑥 =

[
 
 
 
 
 
𝑥𝑘

𝑦𝑘

𝑧𝑘

𝜙𝑘

𝜃𝑘

𝜓𝑘]
 
 
 
 
 

 (15) 

where 𝑥𝑘, 𝑦𝑘, and 𝑧𝑘 are the Cartesian coordinates of the box reference frame, and 𝜙𝑘, 

𝜃𝑘, and 𝜓𝑘 denote roll, pitch, and yaw, respectively. Therefore, a candidate solution gen-

erated by MOPSO or NSGA-II is encoded as shown in Equation (16). 
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𝑥 = [(𝑝1
𝑏𝑜𝑥)𝑇 (𝑝2

𝑏𝑜𝑥)𝑇 ⋯ (𝑝𝑛𝑜𝑝𝑡
𝑏𝑜𝑥 )

𝑇
]
𝑇

∈ ℝ6𝑛𝑜𝑝𝑡 (16) 

The fixed initial and final poses are imposed as boundary conditions and are not 

modified by the optimizer. This guarantees that every candidate trajectory starts from the 

same pick configuration and ends at the same place configuration. 

Once the optimized intermediate poses are generated, they are assembled with the 

fixed poses to obtain the complete ordered set of object waypoints: 

𝒫𝑏𝑜𝑥 = {𝑝0
𝑏𝑜𝑥 , 𝑝1

𝑏𝑜𝑥 , … , 𝑝𝑛𝑡𝑜𝑡𝑎𝑙−1
𝑏𝑜𝑥 } (17) 

where the fixed and optimized poses are arranged according to their order in the task 

trajectory. 

The complete set of waypoints is converted into a continuous object trajectory using 

quintic polynomial interpolation. For each trajectory segment and for each pose compo-

nent 𝑠, with 

𝑠 ∈ {𝑥, 𝑦, 𝑧, 𝜙, 𝜃, 𝜓} (18) 

The interpolation is performed component-wise using a fifth-order polynomial: 

𝑠𝑘(𝜆) = 𝑎0,𝑘 + 𝑎1,𝑘𝜆 + 𝑎2,𝑘𝜆
2 + 𝑎3,𝑘𝜆

3 + 𝑎4,𝑘𝜆
4 + 𝑎5,𝑘𝜆

5 (19) 

where 𝜆 ∈ [0,1] is the normalized interpolation parameter of segment 𝑘, and 𝑎0,𝑘, … , 𝑎5,𝑘 

are the polynomial coefficients. Quintic interpolation was selected because it provides 

smooth transitions between consecutive waypoints and allows continuous position, ve-

locity, and acceleration profiles, which is particularly important because the contact-force 

estimation depends directly on the translational acceleration of the payload. 

The resulting continuous trajectory is sampled into 𝑁 discrete object poses: 

𝑝𝑏𝑜𝑥(𝑡𝑖) =

[
 
 
 
 
 
𝑥(𝑡𝑖)

𝑦(𝑡𝑖)

𝑧(𝑡𝑖)
𝜙(𝑡𝑖)

𝜃(𝑡𝑖)

𝜓(𝑡𝑖)]
 
 
 
 
 

, 𝑖 = 1,… , 𝑁 (20) 

These sampled poses are then used for inverse kinematics, collision checking, con-

tact-force estimation, and residual moment evaluation. 

The temporal law is assigned from the Cartesian displacement of the box center. Let 

the Cartesian position of the box at sample 𝑖 be: 

𝑟𝑏𝑜𝑥(𝑡𝑖) = [

𝑥(𝑡𝑖)
𝑦(𝑡𝑖)

𝑧(𝑡𝑖)
] (21) 

The Euclidean distance between two consecutive sampled box positions is: 

Δℓ𝑖 =∥ 𝐫𝑏𝑜𝑥(𝑡𝑖+1) − 𝐫𝑏𝑜𝑥(𝑡𝑖) ∥2 (22) 

The timestamp associated with each sampled pose is computed as 

𝑡1 = 0 (23) 

𝑡𝑖 = ∑
Δℓ𝑗

𝑣ref

𝑖−1

𝑗=1

, 𝑖 = 2, … , 𝑁 (24) 
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where 𝑣ref is the reference linear velocity of the box. This timing law assigns longer du-

rations to longer Cartesian displacements and provides a common velocity reference for 

all candidate trajectories. 

The translational velocity of the box center of mass is computed from the sampled 

Cartesian trajectory and the associated timestamps as shown in Equation (25). 

𝑟̇𝑏𝑜𝑥(𝑡𝑖) =
𝑑𝑟𝑏𝑜𝑥(𝑡𝑖)

𝑑𝑡
= [

𝑥̇(𝑡𝑖)
𝑦̇(𝑡𝑖)

𝑧̇(𝑡𝑖)
] (25) 

The translational acceleration is then obtained as 

𝑎(𝑡𝑖) = 𝑟̈𝑏𝑜𝑥(𝑡𝑖) =
𝑑𝑟̇𝑏𝑜𝑥(𝑡𝑖)

𝑑𝑡
= [

𝑎𝑥(𝑡𝑖)
𝑎𝑦(𝑡𝑖)

𝑎𝑧(𝑡𝑖)

] (26) 

In the numerical implementation, these derivatives are evaluated from the sampled 

trajectory using finite-difference gradient approximations with respect to the computed 

timestamps. 

Regarding orientation, roll–pitch–yaw angles are interpolated component-wise to-

gether with the Cartesian coordinates. Before computing the box rotation matrices, the 

angular sequences are unwrapped to avoid artificial discontinuities caused by 2𝜋jumps. 

The rotation matrix of the box at each sampled instant is then obtained using the yaw–

pitch–roll convention: 

𝑅𝑏𝑜𝑥(𝑡𝑖) = 𝑅𝑍𝑌𝑋(𝜓(𝑡𝑖), 𝜃(𝑡𝑖), 𝜙(𝑡𝑖)) (27) 

or equivalently: 

𝑅𝑏𝑜𝑥(𝑡𝑖) = 𝑅𝑧(𝜓(𝑡𝑖))𝑅𝑦(𝜃(𝑡𝑖))𝑅𝑥(𝜙(𝑡𝑖)) (28) 

Although roll–pitch–yaw interpolation does not define a geodesic interpolation on 

𝑆𝑂(3), it was considered adequate for the present task because the angular variations are 

bounded and remain away from singular configurations. Therefore, no Euler-angle sin-

gularity was encountered in the analyzed trajectories. The interpolated orientation is used 

to compute the end-effector references, grasp-frame directions, collision geometry, and 

the angular quantities required for the residual moment evaluation described in Section 

4.6. For tasks involving larger orientation changes, quaternion-based interpolation could 

be incorporated as a future extension. 

4.3. Mapping from Object Motion to End-Effector References 

For each sampled instant, the box pose is expressed as a homogeneous transfor-

mation matrix in Equation (29). 

𝑇𝑏𝑜𝑥(𝑡𝑖) = [
𝑅𝑏𝑜𝑥(𝑡𝑖) 𝑝𝑏𝑜𝑥(𝑡𝑖)

0⊤ 1
] (29) 

where p𝑏𝑜𝑥(𝑡𝑖) is the Cartesian position of the box and 𝑅𝑏𝑜𝑥(𝑡𝑖) is its rotation matrix. The 

two end-effectors are defined by constant offsets with respect to the box frame. These off-

sets represent the fixed grasping locations on both sides of the payload. 

The left and right end-effector positions are obtained by transforming the grasp off-

sets from the box frame to the world frame: 

𝑝𝐿(𝑡𝑖) = 𝑝𝑏𝑜𝑥(𝑡𝑖) + 𝑅𝑏𝑜𝑥(𝑡𝑖) 𝑟𝐿 (30) 

𝑝𝑅(𝑡𝑖) = 𝑝𝑏𝑜𝑥(𝑡𝑖) + 𝑅𝑏𝑜𝑥(𝑡𝑖) 𝑟𝑅 (31) 
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where 𝑟𝐿 and 𝑟𝑅 are the constant grasp offsets expressed in the box reference frame. Sim-

ilarly, the end-effector orientations are defined by applying fixed relative rotations with 

respect to the box orientation: 

𝑅𝐿(𝑡𝑖) = 𝑅𝑏𝑜𝑥(𝑡𝑖) 𝑅𝐿𝑟𝑒𝑙
 (32) 

𝑅𝑅(𝑡𝑖) = 𝑅𝑏𝑜𝑥(𝑡𝑖) 𝑅𝑅𝑟𝑒𝑙
 (33) 

The geometric meaning of the grasp offsets used in Equations (16)–(19) is illustrated 

in Figure 2, where the box reference frame and the fixed offsets to the left and right grasp-

ing points are represented. 

 

Figure 2. Geometric interpretation of the object-to-end-effector position mapping and contact rep-

resentation [13]. 

This mapping produces two synchronized Cartesian references, one for each manip-

ulator. These references are then converted into joint-space configurations through in-

verse kinematics. If a sampled pose cannot be reached by one of the manipulators or vio-

lates joint limits, the corresponding candidate trajectory is considered infeasible. 

4.4. Contact-Force Estimation Under Frictional Grasp 

The force model estimates the contact forces required at both end effectors to satisfy 

the translational force equilibrium of the payload. The acceleration of the box center of 

mass is obtained from the sampled object trajectory. The required resultant force acting 

on the payload is then computed as shown in Equation (34). 

𝐹𝑟𝑒𝑞(𝑡) = 𝑚(𝑎(𝑡) − 𝑔) (34) 

where 𝑚 is the mass of the box, a(t) is the translational acceleration of the box center of 

mass, and g is the gravity vector: 

[

𝐹𝑟𝑒𝑞,𝑥(𝑡)

𝐹𝑟𝑒𝑞,𝑦(𝑡)

𝐹𝑟𝑒𝑞,𝑧(𝑡)

] = 𝑚 ([

𝑎𝑥(𝑡)
𝑎𝑦(𝑡)

𝑎𝑧(𝑡)

] − [
0
0

−𝑔
]) (35) 

At each contact, the force applied by manipulator 𝑖 is decomposed into a normal 

component and a tangential component: 

𝐹𝑖(𝑡) = 𝑁𝑖(𝑡)𝑛𝑖(𝑡) + 𝑡𝑖(𝑡) (36) 

where 𝑁𝑖(𝑡) is the normal contact force, 𝑛𝑖(𝑡) is the contact normal direction, and 𝑡𝑖(𝑡) 

is the tangential force component: 

https://doi.org/10.3390/app16157433


Appl. Sci. 2026, 16, 7433 14 of 35 
 

https://doi.org/10.3390/app16157433 

[

𝐹𝑖,𝑥(𝑡)

𝐹𝑖,𝑦(𝑡)

𝐹𝑖,𝑧(𝑡)

] = 𝑁𝑖(𝑡) [

𝑛𝑖,𝑥(𝑡)

𝑛𝑖,𝑦(𝑡)

𝑛𝑖,𝑧(𝑡)

] + [

𝑡𝑖,𝑥(𝑡)

𝑡𝑖,𝑦(𝑡)

𝑡𝑖,𝑧(𝑡)

] (37) 

The tangential component is limited by the friction cone [36]: 

∥ 𝑡𝑖(𝑡) ∥≤ 𝜇𝑁𝑖(𝑡) (38) 

where 𝜇  is the friction coefficient. This condition ensures that the tangential force re-

quired to support and move the object does not exceed the frictional capacity generated 

by the normal gripping force. 

The normal contact force is selected as the main force-related optimization variable 

because it directly represents the gripping effort required at each end effector to maintain 

the payload under a no-slip condition. For a given friction coefficient, higher normal forces 

increase the available tangential friction capacity, but they also imply a higher mechanical 

demand for the manipulators. These contact forces are transmitted through the robot kin-

ematic chain and are reflected as joint torque demands, increasing the load supported by 

the actuators, transmissions, and bearings. Therefore, although the proposed model does 

not compute a direct wear index or a complete joint-level fatigue model, minimizing the 

required normal contact force provides a physically meaningful proxy for reducing the 

mechanical demand imposed on the manipulators. In this sense, lower normal forces are 

expected to reduce the contact-induced loading transmitted to the joints and to promote 

smoother, less demanding cooperative trajectories. 

The relationship between the optimized normal contact force and the mechanical loading 

of the robot can be interpreted through the contribution of the external contact wrench to joint 

torques. In general, the joint torque vector of manipulator 𝑖 can be expressed as 

𝜏𝑖(𝑡) = 𝑀𝑖(𝑞)𝑞̈ + 𝐶𝑖(𝑞, 𝑞̇)𝑞̇ + 𝐺𝑖(𝑞) + 𝐽𝑖
𝑇(𝑞)𝑤𝑐,𝑖(𝑡) (39) 

where 𝑀𝑖, 𝐶𝑖, and 𝐺𝑖 denote the inertial, Coriolis/centrifugal, and gravitational terms, re-

spectively, and 𝑤𝑐,𝑖(𝑡)  is the contact wrench applied at the end effector. The contact 

wrench can be written as 

𝑤𝑐,𝑖(𝑡) = [
𝑀𝑐,𝑖(𝑡)

𝐹𝑖(𝑡)
] (40) 

where 𝑀𝑐,𝑖(𝑡) is the contact moment and 𝐹𝑖(𝑡) is the contact force. In the main force-al-

location model used in this work, each contact is represented by a resultant force applied 

at the nominal contact point. Under this point-contact assumption, no local contact mo-

ment is explicitly imposed, i.e., 𝑀𝑐,𝑖(𝑡) = 0. Therefore, joint torque vector, 𝜏𝑖(𝑡), can be 

computed from the contact-force contribution to the joint torques, 𝜏𝑐,𝑖(𝑡), as 

𝜏𝑖(𝑡) = 𝑀𝑖(𝑞)𝑞̈ + 𝐶𝑖(𝑞, 𝑞̇)𝑞̇ + 𝐺𝑖(𝑞) + 𝜏𝑐,𝑖(𝑡), 𝜏𝑐,𝑖(𝑡) = 𝐽𝑣,𝑖
𝑇 (𝑡)𝐹𝑖(𝑡) (41) 

where 𝐽𝑣,𝑖(𝑡) is the translational part of the manipulator Jacobian at the contact configu-

ration. 

Since the contact force is decomposed into a normal and a tangential component, and 

the tangential component is constrained by the friction cone, the contact-force magnitude 

can be bounded as 

∥ 𝐹𝑖(𝑡) ∥= √𝑁𝑖
2(𝑡)+∥ 𝑡𝑖(𝑡) ∥2≤ 𝑁𝑖(𝑡)√1 + 𝜇2 (42) 

assuming that 𝑛𝑖(𝑡) is a unit vector and that 𝑡𝑖(𝑡) lies in the tangent plane of the 

contact. 

Therefore, using the contact force bound in Equation (47), the contact-force-induced 

joint torque contribution satisfies: 

https://doi.org/10.3390/app16157433


Appl. Sci. 2026, 16, 7433 15 of 35 
 

https://doi.org/10.3390/app16157433 

∥ 𝜏𝐹,𝑖(𝑡) ∥≤∥ J𝑣,𝑖
𝑇 (𝑡) ∥2∥ F𝑖(𝑡) ∥ (43) 

and, under the friction-cone assumption: 

∥ 𝜏𝐹,𝑖(𝑡) ∥≤∥ J𝑣,𝑖
𝑇 (𝑡) ∥2 𝑁𝑖(𝑡)√1 + 𝜇2 (44) 

This relation shows that minimizing the maximum normal contact force reduces an 

upper bound of the contact-force magnitude and, consequently, of the contact-induced 

joint torque contribution for a given manipulator posture and friction coefficient. There-

fore, although joint torque is not directly included as an optimization objective in this 

work, the proposed normal-force objective is physically related to the mechanical loading 

transmitted to the robot joints. 

Joint torque indicators were not included as direct optimization objectives in this 

study to keep the objective formulation focused on contact-level load sharing between the 

two manipulators and to avoid introducing additional robot-model-dependent dynamic 

terms into the Pareto search. Instead, the torque-utilization analysis presented in Section 

6.3 is used as an independent post hoc validation of whether the force-optimized trajecto-

ries also reduce the mechanical demand at the joint level. The incorporation of explicit 

torque-based objectives is considered a relevant extension for future work. 

The two end-effectors must jointly provide the force required by the payload: 

𝐹𝐿(𝑡) + 𝐹𝑅(𝑡) = 𝐹𝑟𝑒𝑞(𝑡) (45) 

At each sampled instant, the force distribution between both contacts is obtained by 

solving a minimum-effort problem subject to the translational equilibrium and friction 

constraints. This provides the normal forces 𝑁𝐿(𝑡) and 𝑁𝑅(𝑡), as well as the tangential 

components 𝑡𝐿(𝑡) and 𝑡𝑅(𝑡). Normal components are used as the main optimization ob-

jectives because they represent the gripping effort required at each manipulator. 

Although the main optimization objectives are based on the normal contact forces 

obtained from the translational force equilibrium, an additional rotational consistency 

analysis was included to evaluate whether the moment terms neglected by the point-con-

tact translational model could significantly affect the results. For this purpose, the rota-

tional moment required by the payload motion was compared with the moment gener-

ated by the contact-force couple at the payload center of mass. 

First, the inertia tensor of the rectangular payload with respect to its center of mass 

is defined in the payload reference frame as 

𝐼𝑏 =

[
 
 
 
 
 
1

12
𝑚(𝐿𝑦

2 +𝐿𝑧
2) 0 0

0
1

12
𝑚(𝐿𝑥

2+𝐿𝑧
2) 0

0 0
1

12
𝑚(𝐿𝑥

2+𝐿𝑦
2 )]

 
 
 
 
 

 (46) 

where 𝐿𝑥, 𝐿𝑦, and 𝐿𝑧 are the payload dimensions. At each sampled instant, this inertia 

tensor is expressed in the world frame as 

𝐼𝑤(𝑡) = 𝑅𝑏𝑜𝑥(𝑡)𝐼𝑏𝑅𝑏𝑜𝑥
𝑇 (𝑡) (47) 

where 𝑅𝑏𝑜𝑥(𝑡) is the rotation matrix of the payload. The rotational moment required by 

the payload motion is then estimated as 

𝜏𝑟𝑒𝑞(𝑡) = 𝐼𝑤(𝑡)𝛼(𝑡) + 𝜔(𝑡) × (𝐼𝑤(𝑡)𝜔(𝑡)) (48) 

where 𝜔(𝑡) and 𝛼(𝑡) are the angular velocity and angular acceleration of the payload, 

respectively, obtained from the sampled orientation trajectory. 
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In a very simplified point-contact model, it is assumed that the contact point is the 

center of the end-effector of the robot. Thus, the moment generated by the contact-force 

couple about the payload center of mass is computed as 

𝜏𝐹
𝑝
(𝑡) = 𝑟𝐿(𝑡) × 𝐹𝐿(𝑡) + 𝑟𝑅(𝑡) × 𝐹𝑅(𝑡) (49) 

where r𝐿(𝑡) and r𝑅(𝑡) are the vectors from the payload center of mass to the left and 

right center of the end-effector. The residual rotational moment is therefore defined as 

𝜏𝑟𝑒𝑠
𝑝

(𝑡) = 𝜏𝑟𝑒𝑞(𝑡) − 𝜏𝐹
𝑝
(𝑡) (50) 

This residual represents the rotational contribution that is not explicitly captured 

when each distributed contact interaction is reduced to a resultant force applied at a fixed 

nominal point. 

However, in a real grasp, the interaction between the end effector and the payload is 

distributed over a finite contact surface rather than concentrated at a mathematical point. 

For modeling purposes, this distributed pressure and friction interaction can be approxi-

mated by an equivalent resultant force applied at an effective center of pressure, 𝑟𝑒𝑓𝑓. This 

effective point should not be interpreted as the only physical contact point, but as the 

equivalent application point of the resultant contact force that reproduces the moment 

generated by the distributed contact. Therefore, allowing the effective center of pressure 

to move within the contact patch provides a more realistic approximation than forcing the 

resultant force to act at the geometric center of the end effector, while still keeping the 

model computationally tractable. 

Figure 3 illustrates this approximation. The nominal contact point corresponds to the 

center of the assumed contact patch, 𝑟𝑖, whereas the effective center of pressure may shift 

within this region due to a non-uniform pressure distribution, 𝑟𝑒𝑓𝑓 . 

 

Figure 3. Detail of the GoFa 12 end-effector contact surface. 

To account for this effect, the effective contact locations are expressed as 

𝑟𝐿
𝑒𝑓𝑓

(𝑡) = 𝑟𝐿(𝑡) + Δ𝑟𝐿(𝑡) (51) 

𝑟𝑅
𝑒𝑓𝑓

(𝑡) = 𝑟𝑅(𝑡) + Δ𝑟𝑅(𝑡) (52) 
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where Δ𝑟𝐿(𝑡) and Δ𝑟𝑅(𝑡) are the displacements of the effective centers of pressure within 

the left and right contact patches. These displacements are constrained to lie inside the 

local tangent plane of each contact surface: 

Δ𝑟𝑖(𝑡) ⋅ 𝑛𝑖(𝑡) = 0, 𝑖 ∈ {𝐿, 𝑅} (53) 

and their magnitude is bound by the radius of the assumed circular contact patch: 

∥ Δ𝑟𝑖(𝑡) ∥≤ 𝑟𝑐 =
𝐷𝑐

2
, 𝑖 ∈ {𝐿, 𝑅} (54) 

where 𝐷𝑐  is the equivalent contact patch diameter and 𝑟𝑐  is the corresponding radius. 

Considering this finite contact patch, the moment generated by the contact forces be-

comes: 

𝜏𝐹
𝑐(𝑡) = (𝑟𝐿(𝑡) + Δ𝑟𝐿(𝑡)) × 𝐹𝐿(𝑡) + (𝑟𝑅(𝑡) + Δ𝑟𝑅(𝑡)) × 𝐹𝑅(𝑡) (55) 

The required center-of-pressure displacements are obtained by minimizing the re-

maining residual moment: 

[Δ𝑟𝐿
∗(𝑡), Δ𝑟𝑅

∗(𝑡)] = arg min
Δ𝑟𝐿,Δ𝑟𝑅

∥ 𝜏𝑟𝑒𝑞(𝑡) − 𝜏𝐹
𝑐(𝑡) ∥2  (56) 

The remaining residual moment after considering the finite contact patch is: 

𝜏𝑟𝑒𝑠
𝑐 (𝑡) = 𝜏𝑟𝑒𝑞(𝑡) − 𝜏𝐹

𝑐(𝑡) (57) 

A candidate trajectory is considered rotationally consistent with the finite contact-

patch assumption if the center-of-pressure displacement remains within the available con-

tact surface for both robots: 

𝑚𝑎𝑥(∥ Δ𝑟𝐿
∗(𝑡) ∥, ∥ Δ𝑟𝑅

∗(𝑡) ∥) ≤ 𝑟𝑐  (58) 

This condition verifies whether the residual moment obtained with the simplified 

point-contact model can be compensated by a physically feasible shift in the effective cen-

ter of pressure inside the contact patch. Therefore, the rotational analysis does not intro-

duce a new optimization objective but provides a validation criterion to ensure that the 

neglected rotational contribution can be absorbed by the distributed contact interaction 

for the considered payload geometry and motion range. 

It should be noted that the proposed optimization model still estimates the contact 

forces required to transport the payload under the assumed frictional grasp and uses the 

normal contact forces as the main force-aware trajectory objectives. The finite contact-

patch analysis is included as an additional validation step. It does not modify the main 

Coulomb friction constraint applied to the resultant contact forces but evaluates whether 

a realistic contact surface could compensate for the residual moment associated with the 

point-contact approximation. 

4.5. Force-Aware Multi-Objective Evaluation 

The main objective of this work is to optimize the cooperative trajectory by minimiz-

ing the normal contact forces required by both manipulators. Unlike single-objective for-

mulations, where different criteria are combined into a weighted cost function, the pro-

posed approach keeps the force objectives separated. This allows the optimizer to gener-

ate a Pareto front of non-dominated trajectories representing different compromises be-

tween the force demands of Robot 1 and Robot 2. 

Collision constraints are incorporated directly into the objective evaluation through 

a piecewise penalty function. If any collision is detected during the trajectory simulation, 

the evaluation is stopped and the same penalized value is assigned to both objectives. 

Otherwise, the objectives are computed from the maximum normal contact forces re-

quired along the collision-free trajectory. 
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This way for each candidate trajectory, the evaluation function returns a two-dimen-

sional objective vector: 

𝑓(𝑥) = [
𝑓1(𝑥)
𝑓2(𝑥)

] (59) 

where 𝑓1(𝑥) and 𝑓2(𝑥) are given by (60): 

𝑓1(𝑥) = {

1 + 𝑇𝑐𝑜𝑙𝑙(𝑥), if 𝑇𝑐𝑜𝑙𝑙(𝑥) > 0

𝑚𝑎𝑥
𝑡∈[0,𝑇]

𝑁1(𝑡)

𝑁𝑟𝑒𝑓,1

, if 𝑇𝑐𝑜𝑙𝑙(𝑥) = 0
,  𝑓2(𝑥) =  {

1 + 𝑇𝑐𝑜𝑙𝑙(𝑥), if 𝑇𝑐𝑜𝑙𝑙(𝑥) > 0

𝑚𝑎𝑥
𝑡∈[0,𝑇]

𝑁2(𝑡)

𝑁𝑟𝑒𝑓,2

, if 𝑇𝑐𝑜𝑙𝑙(𝑥) = 0
 (60) 

where 𝑇𝑐𝑜𝑙𝑙(𝑥) is the accumulated collision time detected during the trajectory evalua-

tion, 𝑁1(𝑡) and 𝑁2(𝑡) are the normal contact forces required at both end effectors, and 

𝑁ref,1 and 𝑁ref,2 are the corresponding reference force values used for normalization. 

With this definition, colliding trajectories are penalized with objective values greater than 

one, while collision-free trajectories are evaluated according to their normalized force require-

ments. Therefore, the optimization process first promotes feasible collision-free trajectories 

and then compares them according to the force demand imposed on each manipulator. 

The use of separated objectives allows the optimization process to identify trajecto-

ries that, while avoiding collisions, reduce the force requirement of one manipulator, the 

other manipulator, or different compromises between both. Consequently, the final out-

put is not a single optimized trajectory, but a set of non-dominated solutions from which 

a final trajectory can be selected according to the desired force-sharing criterion. 

4.6. Feasibility Constraints 

The optimization variables are defined at the object level; therefore, the feasibility 

constraints must also be expressed with respect to the motion of the transported box. 

However, the physical limitations of the system are imposed by the two robotic manipu-

lators and by the surrounding environment. Consequently, each candidate object trajec-

tory is accepted only if all its sampled poses generate valid end-effector references for both 

robots and remain compatible with the admissible manipulation workspace. 

The first constraint is related to the reachable workspace of both manipulators. For a 

given sampled object pose, the corresponding left and right end-effector positions are ob-

tained from the fixed grasp geometry. Therefore, a candidate object pose is only valid if 

the induced end-effector positions lie inside the admissible workspace of their corre-

sponding robots, as shown in Equation (61). 

𝑝𝐿(𝑡𝑖) ∈ 𝒲𝐿 , 𝑝𝑅(𝑡𝑖) ∈ 𝒲𝑅 , 𝑖 = 1, … , 𝑁 (61) 

where 𝑝𝐿(𝑡𝑖) and 𝑝𝑅(𝑡𝑖) are the left and right end-effector positions generated by the ob-

ject pose at sample 𝑡𝑖, and 𝒲𝐿  and 𝒲𝑅  represent the reachable workspaces of the left and 

right manipulators, respectively. Since the object is grasped simultaneously by both robots, 

the admissible region for the box is not the complete workspace of either manipulator, but the 

common region in which both arms can satisfy the grasp constraint at the same time. 

This idea is represented in Figure 4. The individual reachable regions of the left and 

right robots are shown together with the restricted workspace used for the object trajec-

tory. The restricted region defines the admissible volume in which the box waypoints can 

be placed during the optimization. In this way, the search space is reduced before evalu-

ating the candidate trajectories, preventing the algorithms from generating object poses 

that would be unreachable for one of the manipulators. 
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(a) (b) 

Figure 4. Reachability constraint mapping for the cooperative dual-arm manipulation task: (a) Front 

view showing the individual reachable workspaces of both manipulators and their common admis-

sible region; (b) side view showing the restricted workspace used to bound the object waypoints 

during optimization. 

In addition to this workspace restriction, every candidate trajectory must satisfy joint 

feasibility. After mapping the object trajectory to the two end-effector references, inverse 

kinematics is solved for both manipulators. A trajectory is rejected if any sampled config-

uration violates the joint limits of either robot: 

𝑞𝑖,𝑚𝑖𝑛 ≤ 𝑞𝑖(𝑡𝑘) ≤ 𝑞𝑖,𝑚𝑎𝑥 , 𝑖 ∈ {𝐿, 𝑅}, 𝑘 = 1,… , 𝑁 (62) 

where 𝑞𝑖(𝑡𝑘 ) is the joint configuration of manipulator  𝑖  at sample 𝑘 , and 𝑞𝑖,𝑚𝑖𝑛   and 

𝑞𝑖,𝑚𝑎𝑥  are the corresponding lower and upper joint limits. 

Collision avoidance is also enforced along the complete sampled motion. Three types 

of collisions are considered: collisions between each robot and the rack environment, col-

lisions between the transported box and the environment, and inter-arm collisions be-

tween the two manipulators. Therefore, a trajectory is considered feasible only if no colli-

sion is detected at any sample of the motion: 

𝐶robot-env(𝑡𝑘) = 0, 𝐶box-env(𝑡𝑘) = 0, 𝐶inter-arm(𝑡𝑘) = 0, 𝑘 = 1,… , 𝑁 (63) 

where each collision indicator is equal to 1 when a collision is detected and 0 otherwise. The 

surrounding environment is represented by static collision bodies during the evaluation. 

Finally, the rigid grasp condition must be preserved throughout the task. This is en-

sured by deriving both end-effector references from the same object pose and from con-

stant grasp offsets. As a result, the relative pose between the box and each end effector 

remains fixed during the complete trajectory, and the two robots execute a coordinated 

motion consistent with a shared payload. 

If the required effective center-of-pressure shift lies outside the available end-effector 

contact patch, the trajectory evaluation is immediately stopped, and the candidate solu-

tion is marked as infeasible. 

Overall, a candidate trajectory is considered feasible only if it satisfies all the previous 

conditions: both end-effectors must remain inside their reachable workspaces, all inverse-

kinematics solutions must respect the joint limits, the motion must remain collision-free, 

and the rigid grasp constraint must be maintained. These constraints define the feasible 

search region explored by MOPSO and NSGA-II. 

5. Use Case: Force-Aware Rack Pick-And-Place Optimization in  

Cooperative Dual-Arm Manipulation 

The proposed framework was evaluated in a representative pick-and-place scenario 

involving the cooperative transport of a shared object by two robotic manipulators. The 

task reproduces a constrained industrial manipulation situation in which a payload must 

Left Robot Workspace

Right Robot Workspace

Restricted Workspace

Left Robot Workspace

Right Robot Workspace

Restricted Workspace
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be moved from an initial pick configuration to a final place configuration while maintain-

ing a stable bimanual grasp and avoiding collisions with the shelf, stored items, the 

ground plane, and the opposite manipulator. 

5.1. Work-Cell Layout and Rack Environment 

The work cell consists of a shelf-like structure containing several stored objects that 

restrict the available free space for the cooperative transport task. The two manipulators are 

positioned on opposite sides of the rack, generating a shared manipulation region in which 

the payload must be moved while avoiding the surrounding structure and stored items. 

The rack, stored boxes, and ground plane are modeled as static collision bodies. The 

rack has a footprint of 1.00 m in length and 0.40 m in depth, with three shelf levels located 

at heights of 0.20 m, 0.60 m, and 1.00 m from the ground plane. These dimensions define 

the main spatial limitations of the benchmark, since the shelf levels and the stored objects 

reduce the available clearance for the transported payload and constrain the admissible 

object orientations during cooperative motion. 

These elements impose the main geometric constraints of the task and require the 

optimizer to generate trajectories that avoid collisions while maintaining a valid coopera-

tive grasp. The initial and final object poses are fixed and imposed as boundary conditions 

for every candidate trajectory evaluated during the optimization process. 

The scenario is particularly relevant for cooperative manipulation because feasibility 

depends on several coupled factors: the reachability of both manipulators, the relative 

pose between the object and each end effector, the avoidance of collisions with the envi-

ronment, and the mechanical interaction generated during the motion. Therefore, the 

same trajectory must be acceptable from both a geometric and a force-aware perspective. 

Figure 5 illustrates the rack pick-and-place environment used in the optimization, 

including the shelf structure, stored objects, and ground plane from different viewpoints. 

  
(a) (b) 
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(c) 

Figure 5. Rack pick-and-place environment considered in the cooperative manipulation task: (a) 

front view of the shelf structure and stored objects; (b) side view showing the rack depth and shelf 

levels; (c) isometric view of the complete constrained workspace. 

5.2. Dual-Arm Robotic Setup 

The validation was conducted using a cooperative dual-arm robotic setup composed 

of two ABB GoFa 12 (ABB, Zurich, Switzerland) collaborative manipulators placed on op-

posite sides of the rack-like workspace. Each robot is a 6-axis collaborative manipulator 

from the ABB CRB 15000 family (ABB, Zurich, Switzerland), with a nominal payload ca-

pacity of 12 kg and a reach of 1.27 m. The GoFa family also provides a maximum TCP 

speed of up to 2.2 m/s and a repeatability of 0.02 mm, which makes it suitable for precise 

manipulation tasks in constrained environments. 

In the proposed setup, both manipulators are required to transport a shared rigid 

object under a fixed bimanual grasp. The object is treated as the central element of the 

task, and its trajectory is planned in task space. Each object pose is then mapped to the 

corresponding end-effector references of both manipulators through fixed grasp transfor-

mations. This object-centric representation ensures that the cooperative constraint is pre-

served throughout the complete motion, since both robots follow synchronized references 

derived from the same object trajectory. 

The simulated robotic model includes the kinematic chains of both GoFa 12 manipu-

lators, the transported object, and the surrounding collision bodies that define the rack 

environment. Since the focus of this study is the optimization of interaction forces, the 

system is evaluated in terms of kinematic feasibility, collision-free execution, and force-

related objective values associated with each manipulator. 

Figure 6 shows the ABB GoFa 12 collaborative manipulator used as the basis for the 

dual-arm setup and its corresponding workspace representation. The physical robot is 

shown in Figure 6a, while Figure 6b illustrates the reach envelope considered for defining 

the manipulation workspace. 

5.3. Multi-Objective Evaluation Metrics 

To compare MOPSO and NSGA-II under the same experimental conditions, a set of 

metrics was defined to evaluate feasibility, Pareto-front quality, and force-related perfor-

mance. Since the proposed problem is multi-objective, the comparison is not limited to a 

single best solution but also considers the number of feasible and non-dominated trajec-

tories generated by each algorithm and the force behavior of representative solutions se-

lected from the Pareto front. 
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(a) (b) 

Figure 6. ABB GoFa 12 collaborative manipulator and workspace representation: (a) physical robot 

used as reference for the simulation model; (b) robot reach diagram used to define the available 

manipulation workspace. 

The metrics considered in this study are the following: 

(a) Feasible Solutions 

This metric represents the number of candidate trajectories that satisfy the feasibility 

conditions imposed in the optimization process. A trajectory is considered feasible when 

it satisfies the kinematic constraints of both manipulators and remains collision-free 

throughout the complete motion. This value provides a direct indication of the ability of 

each algorithm to explore valid regions of the search space. 

(b) Percentage of Feasible Solutions 

The percentage of feasible solutions is computed as the ratio between the number of 

feasible trajectories and the total number of evaluated candidates. This metric normalizes 

the feasibility performance of each algorithm and allows a direct comparison between 

MOPSO and NSGA-II under equivalent optimization settings. 

The percentage of feasible solutions is computed as the ratio between the number of 

feasible trajectories and the total number of evaluated candidates: 

𝑃feas =
𝑁feas

𝑁eval

⋅ 100 (64) 

where 𝑁feas is the number of feasible trajectories and 𝑁eval is the total number of evalu-

ated candidate solutions. This metric normalizes the feasibility performance of each algo-

rithm and allows a direct comparison between MOPSO and NSGA-II under equivalent 

optimization settings. 

(c) Non-Dominated Solutions 

This metric indicates the number of Pareto-optimal solutions obtained by each algo-

rithm. These solutions represent different trade-offs between the force objective of Robot 

1 and the force objective of Robot 2. A larger number of non-dominated solutions gener-

ally provides a broader set of alternatives for selecting a final cooperative trajectory. 

(d) Hypervolume 

The hypervolume indicator was used to evaluate the quality of the obtained Pareto 

front in terms of both convergence and spread. For a minimization problem, the hyper-

volume measures the area of the objective space dominated by the non-dominated front 

with respect to a predefined reference point. Since the optimization objectives correspond 

to the normalized force-related objectives of Robot 1 and Robot 2, the hypervolume was 

computed in the normalized objective space using the reference point: 𝑟𝐻𝑉 =
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[1.1, 1.1]. This point was selected to be slightly worse than the upper bound of the normal-

ized objective range, so that all feasible non-dominated solutions were included in the 

hypervolume calculation. A larger hypervolume value indicates a better approximation 

of the Pareto front, since it reflects both a wider coverage of the objective space and a 

closer approach to low-force regions. 

(e) Inverted Generational Distance 

The inverted generational distance was used to quantify the distance between the 

Pareto front obtained by each algorithm and an approximate reference Pareto front. Since 

the true Pareto front of the problem is unknown, the reference front was constructed as 

the non-dominated union of all final Pareto fronts obtained by both algorithms across all 

replicas. Therefore, the reference set 𝑃𝑟𝑒𝑓  contains the best non-dominated solutions 

found in the complete experimental campaign, considering both MOPSO and NSGA-II. 

All IGD calculations were performed in the normalized objective space. For a Pareto 

front 𝑃 obtained by a given algorithm and the approximate reference front 𝑃𝑟𝑒𝑓 , IGD is 

computed as 

𝐼𝐺𝐷(𝑃, 𝑃𝑟𝑒𝑓) =
1

∣ 𝑃𝑟𝑒𝑓 ∣
∑ 𝑚𝑖𝑛

𝑝∈𝑃
𝑧∈𝑃𝑟𝑒𝑓

∥ 𝑧 − 𝑝 ∥ (66) 

where 𝑧 is a point of the reference front and 𝑝 is a point of the Pareto front obtained by 

the algorithm. Thus, unlike the hypervolume indicator, IGD does not use a single prede-

fined reference point, but a reference set composed of the non-dominated solutions ob-

tained from all algorithms and replicas. Lower IGD values indicate that the obtained front 

is closer to the approximate reference Pareto front. 

(f) Spacing 

The spacing metric was used to evaluate the uniformity of the distribution of non-

dominated solutions along the Pareto front. It is based on the distance between each non-

dominated solution and its nearest neighbor in the objective space. Lower spacing values 

indicate a more uniform distribution of solutions, which is desirable because it provides 

a more regular set of trade-off alternatives. 

For a Pareto front with 𝑁𝑃   non-dominated solutions, the spacing metric can be ex-

pressed as 

𝑆 = √
1

𝑁𝑃 − 1
∑(𝑑𝑖−𝑑̄)

2

𝑁𝑃

𝑖=1

 (67) 

where 𝑑𝑖 is the distance from solution 𝑖 to its nearest neighboring solution in the Pareto 

front, and 𝑑̄ is the mean of these nearest-neighbor distances. A lower value of 𝑆 indicates 

a more evenly distributed Pareto front. 

(g) Maximum Normal Contact Force of the Selected Solution 

To evaluate the mechanical behavior of a representative trajectory, a balanced solu-

tion is selected from the Pareto front of each algorithm. For this selected trajectory, the 

maximum normal contact force is computed for each manipulator as 

𝐹𝑁,max,𝑖 = max
𝑡∈[0,𝑇]

𝐹𝑁,𝑖(𝑡) (68) 

where 𝐹𝑁,𝑖(𝑡) is the normal contact force of manipulator 𝑖 at time 𝑡. This metric provides 

a direct measure of the peak gripping effort required by each robot during the cooperative 

execution. 

(h)  Pareto-Front Distribution 
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The distribution of the Pareto front is analyzed to evaluate how well the non-domi-

nated solutions cover the objective space. In this work, the objective space is defined by 

the force-related objective of Robot 1 and the force-related objective of Robot 2. A well-

distributed Pareto front is desirable because it provides different force-sharing alterna-

tives, ranging from solutions that favor one manipulator to more balanced trajectories. 

6. Results 

This section presents the results obtained from the multi-objective optimization of 

the cooperative dual-arm manipulation task using MOPSO and NSGA-II. The analysis 

focuses on three complementary aspects: the distribution of feasible and non-dominated 

solutions, the evolution of the force objectives during the optimization process, and the 

force profiles associated with representative balanced trajectories selected from the result-

ing Pareto fronts. 

6.1. Multi-Objective Optimization Comparison 

Figure 7 shows a representative Pareto-front comparison obtained from the best-per-

forming run of MOPSO and NSGA-II in the objective space defined by the force objective 

of Robot 1 and the force objective of Robot 2. Both algorithms were able to generate feasi-

ble cooperative trajectories and approximate a set of non-dominated solutions. However, 

clear differences can be observed in the density and distribution of the solutions. 

 

Figure 7. Comparison of Pareto fronts obtained with MOPSO and NSGA-II. Feasible solutions are 

represented as scattered points, while the non-dominated solutions and the global Pareto front are 

highlighted in the objective space defined by the force objectives of Robot 1 and Robot 2. 

The Pareto-front comparison shown in Figure 6 provides a representative visualiza-

tion of the behavior of both algorithms in the objective space. NSGA-II produces a denser 

and more continuous distribution of non-dominated solutions, especially in the region 

where both force objectives are simultaneously reduced. MOPSO also identifies valid Pa-

reto-optimal solutions, but its front is sparser and shows a more pronounced trade-off 

between the force objective of Robot 1 and that of Robot 2. Therefore, Figure 6 is used as 

a representative visual comparison, while the quantitative assessment of the algorithms 

is based on the statistical results obtained from ten independent runs. 

To provide a more robust comparison, MOPSO and NSGA-II were executed over ten 

independent replicas using the same computational budget of 1000 evaluated candidate 
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solutions per run. For each replica, the number of feasible solutions, the number of non-

dominated solutions, and three standard multi-objective performance indicators were 

computed: hypervolume (HV), inverted generational distance (IGD), and spacing. Hyper-

volume evaluates the extension and convergence of the obtained Pareto front, with higher 

values indicating better performance. IGD measures the distance with respect to the approx-

imate reference Pareto front, with lower values indicating better convergence. Spacing eval-

uates the uniformity of the non-dominated solutions, with lower values indicating a more 

regular distribution. Table 1 summarizes the statistical results obtained over the ten replicas. 

Table 1. Quantitative results of the multi-objective optimization process in rack scenario. 

Metric MOPSO NSGA-II 

Feasible Solutions Mean 296 784 

% of feasible solutions 29.6% 78.4% 

Non-dominated solutions mean 9.8 17.7 

Non-dominated solutions std 1.5492 1.4944 

HV mean 1.172 1.2019 

HV std 0.00060694 0.00011677 

IGD mean 0.052489 0.040696 

IGD std 0.0014644 0.0090187 

Spacing mean 0.116 0.018459 

Spacing std 0.084916 0.0086637 

Overall, these results confirm that NSGA-II provides a more robust and better dis-

tributed approximation of the Pareto front for the considered cooperative manipulation 

scenario. MOPSO is also able to find feasible and competitive solutions, but it generates 

fewer feasible and non-dominated solutions and shows lower Pareto-front quality accord-

ing to the HV, IGD, and spacing indicators. 

It should be noted that the statistical comparison in Table 1 is based on the ten inde-

pendent replicas, whereas the subsequent figures showing convergence, force profiles, 

torque utilization, residual moment, payload sensitivity, and trajectory shapes are pre-

sented for selected representative solutions. These representative solutions are used to 

illustrate the mechanical behavior of the optimized trajectories and should not be inter-

preted as average curves over all replicas. 

6.2. Evolution of Force Objectives 

Figure 8 reports the best-so-far evolution of the force objectives for the same repre-

sentative runs shown in Figure 6. Therefore, this plot should be interpreted as an illustra-

tive convergence example, while the robustness of the comparison between algorithms is 

assessed using the statistical indicators reported in Table 1. 

The results show a rapid initial reduction in the force objectives for both algorithms. 

In the case of MOPSO, the first objective exhibits a sharp decrease during the early itera-

tions, moving from a high initial value to the low-force region in a short number of itera-

tions. NSGA-II also shows a progressive reduction in both objectives, with a more gradual 

convergence trend. After the initial improvement phase, all curves converge toward a nar-

row force range close to the final Pareto region. 
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Figure 8. Best-so-far evolution of the force objectives for MOPSO and NSGA-II. The main plot shows 

the complete optimization process, while the inset highlights the late-stage refinement between it-

erations 500 and 1000. 

The zoomed view between iterations 500 and 1000 highlights the late-stage refine-

ment behavior. In this region, the improvements are small but still relevant, since the al-

gorithms are already operating close to the minimum force levels found in the search. 

NSGA-II maintains a slightly more progressive refinement of the objectives, while 

MOPSO reaches a stable low-force region earlier. This behavior is consistent with the 

mechanisms of both algorithms: MOPSO tends to exploit the archive of non-dominated 

solutions efficiently, whereas NSGA-II preserves diversity through non-dominated sort-

ing and crowding distance. 

The convergence curves confirm that both algorithms are able to reduce the force objec-

tives significantly. However, the previous Pareto-front analysis shows that NSGA-II provides 

a larger and more diverse set of feasible trade-off solutions, which is particularly relevant 

when the final trajectory must be selected according to a balanced force-sharing criterion. 

6.3. Force Profiles of the Selected Balanced Trajectories 

To further analyze the mechanical behavior of the optimized solutions, one repre-

sentative trajectory was selected from the Pareto front of each algorithm. This trajectory-

level analysis is complementary to the statistical comparison reported in Table 1 and is 

intended to illustrate the behavior of selected balanced solutions rather than the average 

response over all replicas. The selection criterion was the minimum mean normal contact 

force between both manipulators, computed from the force values of Robot 1 and Robot 

2 for each non-dominated solution. Therefore, the force profiles shown in Figure 8 corre-

spond to the same selected representative solutions reported quantitatively in Table 2. 

Figure 9a,b compares the left and right normal contact forces obtained during the 

execution of the selected trajectories. In both cases, the force values remain within a nar-

row range, indicating that the optimized trajectories provide feasible and mechanically 

reasonable cooperative motions. However, differences can be observed in the temporal 

distribution and balance of the forces. 
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(a) (b) 

Figure 9. Normal contact-force comparison for the selected representative minimum-mean-force trajec-

tories obtained with MOPSO and NSGA-II: (a) left normal contact force; (b) right normal contact force. 

The quantitative minimum force values associated with the selected representative 

solutions are summarized in Table 2. 

Table 2. Minimum normal contact-force values of the selected representative trajectories in the rack 

scenario. 

Multi-Objective Algorithm 𝑹𝑳 Min Force (N) 𝑹𝑹 Min Force (N) Mean Contact Force (N) 

MOPSO 37.569 38.491 40.052 

NSGA-II 39.657 38.943 39.638 

For the left normal contact force, NSGA-II produces a smoother profile with lower 

variability around the mean force level. The MOPSO trajectory, in contrast, shows a more 

pronounced variation, with a decrease during the middle part of the motion followed by 

an increase near the final part of the trajectory. This suggests that the selected MOPSO 

trajectory introduces a less uniform distribution of the contact effort during execution. 

A similar behavior is observed in the right normal contact force. The NSGA-II profile 

remains comparatively smoother and more stable, whereas MOPSO produces a higher 

force variation during the central part of the motion. This indicates a less balanced transfer 

of mechanical effort between the manipulators during part of the trajectory. These differ-

ences are consistent with the trajectory shapes discussed in Section 6.4. 

To complement the force-profile analysis, the maximum joint torque contribution in-

duced by the estimated contact wrench was also evaluated for each manipulator. In this 

case, the contact interaction was mapped into the joint space using the complete geometric 

Jacobian, considering both the force and moment components of the wrench, i.e., (𝜏𝐹 =

𝐽𝑣
𝑇𝐹 ). The resulting values were normalized with respect to the maximum admissible 

torque of each GoFa12 joint, so that the radar plots in Figure 9 represent the percentage of 

joint torque capacity used by each trajectory. 

Figure 10a,b compares the initial trajectory with the optimized trajectories obtained 

with MOPSO and NSGA-II for the right and left manipulators, respectively. In both robots, 

the optimized trajectories reduce the joint torque utilization with respect to the initial motion, 

confirming that the proposed multi-objective optimization not only improves the contact-

force behavior but also decreases the mechanical loading transmitted to the robot joints. This 

reduction is not uniform for all axes, since each joint is affected differently depending on the 

manipulator posture, the contact wrench direction, and the trajectory geometry. However, the 

overall trend clearly shows lower torque demand after optimization. 
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(a) (b) 

Figure 10. Maximum joint torque utilization with respect to the GoFa12 joint limits for the initial 

trajectory and the selected optimized trajectories obtained with MOPSO and NSGA-II: (a) right ma-

nipulator; (b) left manipulator. 

Among the two multi-objective algorithms, NSGA-II generally provides the lowest 

joint torque utilization values across the evaluated joints, especially when compared with 

the initial trajectory and, in several axes, also with the MOPSO solution. This indicates 

that NSGA-II achieves a more favorable redistribution of the mechanical effort along the 

kinematic chain, leading to trajectories that are not only feasible in terms of contact-forces 

but also less demanding from the joint-loading perspective. Therefore, the torque-utiliza-

tion analysis reinforces the conclusions drawn from the normal contact force profiles and 

supports the suitability of NSGA-II for generating balanced cooperative manipulation tra-

jectories in the considered rack scenario. 

To verify whether the rotational terms could significantly affect the force-based eval-

uation, an additional residual moment analysis was carried out for the selected trajecto-

ries. In the simplified point-contact model, the residual rotational moment represents the 

difference between the rotational moment required by the payload motion and the mo-

ment generated by the contact-force couple at the box center of mass. However, in a real 

grasp, the contact between the end effector and the payload is not applied at a mathemat-

ical point, but over a finite contact area. Therefore, a non-uniform pressure distribution 

over the contact patch can shift the effective center of pressure and generate an additional 

compensating moment. 

Figure 11 shows the required displacement of the effective center of pressure with 

respect to the nominal contact point for the selected MOPSO and NSGA-II trajectories. 

The dashed horizontal line represents the maximum admissible displacement, defined by 

the radius of the assumed circular contact patch. In this analysis, a contact patch diameter 

of 50 mm was considered, corresponding to the GoFa 12 end-effector diameter, which 

results in a maximum admissible center-of-pressure shift of 25 mm. 

The results show that the required center-of-pressure displacement remains below 

the contact patch radius for both optimized trajectories. The MOPSO trajectory requires a 

larger displacement, reaching approximately 15 mm, whereas the NSGA-II trajectory re-

mains below approximately 7 mm. In both cases, the required displacement is physically 

contained within the assumed contact surface. This indicates that the residual rotational 

contribution obtained with the simplified point-contact model can be compensated by a 

feasible shift in the effective center of pressure within the finite contact area. 
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Figure 11. Required displacement of the effective center of pressure with respect to the nominal 

contact point for the selected MOPSO and NSGA-II trajectories. The dashed line represents the max-

imum admissible displacement defined by the radius of the assumed circular contact patch. 

Therefore, for the considered payload geometry and motion range, the neglected ro-

tational terms do not invalidate the force-based comparison performed in this study. The 

analysis suggests that the residual moment is not large enough to require an effective con-

tact point outside the available contact patch. Consequently, the simplified normal-force 

optimization remains valid, while the point-contact residual can be interpreted as a con-

servative estimate of the rotational contribution that may be absorbed by the distributed 

contact interaction. 

Finally, a payload sensitivity analysis was carried out to estimate the maximum total 

box mass that could be transported by the cooperative system before either of the two 

manipulators reached the imposed force limit. For this purpose, the selected MOPSO and 

NSGA-II trajectories were evaluated by progressively increasing the total mass of the box, 

while computing the maximum resultant contact force exerted by each robot. In this anal-

ysis, the force values are expressed in kilogram-force (kgf) because this unit provides an 

intuitive interpretation of the payload-related force level for the reader. However, the cor-

responding SI values are also reported in parentheses using the conversion (1 𝑘𝑔𝑓 =

9.80665 𝑁). Therefore, the imposed force limit of 12 𝑘𝑔𝑓 corresponds to 117.68 𝑁. 

Figure 12 shows the maximum force exerted by each robot as a function of the total 

box mass. As expected, the force increases almost linearly with the transported mass, since 

the same trajectory is evaluated under increasing payload conditions. The MOPSO trajec-

tory reaches the 12 kgf (117.68 𝑁) limit at a total box mass of approximately 16.06 kg, 

whereas the NSGA-II trajectory reaches the same limit at approximately 16.71 kg. There-

fore, both optimized trajectories allow the cooperative system to transport a box mass 

higher than the individual 12 kg reference, but NSGA-II provides a slightly higher pay-

load margin. 
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Figure 12. Maximum force exerted by the left and right robots as a function of the total box mass for 

the selected MOPSO and NSGA-II trajectories. 

6.4. Trajectory Analysis 

Figure 13a–c compares the initial trajectory with the optimized trajectories obtained 

using MOPSO and NSGA-II. 

  
(a) (b) 

 
(c) 

Figure 13. Comparison between the initial trajectory and the optimized trajectories obtained with 

MOPSO and NSGA-II in the rack-like workspace: (a) orthographic projection onto the Y–Z plane; 

(b) orthographic projection onto the X–Y plane; (c) three-dimensional perspective view. 
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Both optimized trajectories modify the initial object path to reduce the force require-

ments while preserving feasibility within the rack-like environment. The optimized paths 

remain collision-free and respect the cooperative manipulation constraint imposed by the 

shared payload. 

The trajectory obtained with MOPSO shows a more pronounced lateral deviation. 

This behavior explains the larger difference observed between the left and right normal con-

tact forces, since the object motion induces a less symmetric contribution of the two manip-

ulators. Although this trajectory remains feasible and force-efficient in terms of the objective 

values, its execution produces a more uneven temporal distribution of the contact forces. 

The step-by-step MOPSO-optimized trajectory visualization is depicted in Figure 14a–d. 

  

(a) (b) 

  
(c) (d) 

Figure 14. Motion sequence of the optimized trajectory obtained with MOPSO: (a) initial configu-

ration; (b) intermediate configuration at 33% of the trajectory; (c) intermediate configuration at 

66% of the trajectory; (d) final configuration. 

The trajectory obtained with NSGA-II appears more balanced from the perspective 

of force sharing. Its path reduces excessive lateral displacement and results in smoother 

normal-force profiles for both manipulators. This suggests that, among the selected bal-

anced solutions, NSGA-II provides a more mechanically homogeneous cooperative mo-

tion. The NSGA-II sequence is presented in Figure 15a–d. 
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(a) (b) 

  
(c) (d) 

Figure 15. Motion sequence of the optimized trajectory obtained with NSGA-II: (a) initial configu-

ration; (b) intermediate configuration at 33% of the trajectory; (c) intermediate configuration at 

66% of the trajectory; (d) final configuration. 

7. Conclusions 

This work presented a force-aware multi-objective optimization framework for co-

operative dual-arm robotic manipulation. The proposed approach formulates the genera-

tion of cooperative trajectories as a constrained multi-objective problem, where the inter-

action-force requirements of both manipulators are minimized while preserving kine-

matic feasibility and collision-free motion. The task was defined from an object-centric 

perspective, allowing the motion of the shared payload to be mapped consistently to both 

robotic arms under rigid grasping assumptions. 

Two representative population-based multi-objective algorithms, MOPSO and NSGA-II, 

were evaluated under equivalent bounds, constraints, and objective definitions. Both algo-

rithms were able to generate feasible cooperative trajectories and identify non-dominated so-

lutions in the force-objective space. However, their behavior differed significantly in terms of 

feasibility rate, Pareto-front distribution, and force-balance characteristics. 

NSGA-II obtained a higher number of feasible solutions, with 694 feasible trajectories 

compared with 296 for MOPSO, corresponding to feasibility rates of 69.4% and 29.6%, 
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respectively. It also produced a larger number of non-dominated solutions, resulting in a 

denser and more continuous Pareto front. This indicates that NSGA-II provided a broader 

set of trade-off alternatives for selecting cooperative trajectories with balanced force re-

quirements. MOPSO also reached competitive low-force solutions, but its Pareto front was 

sparser and showed a more limited distribution of feasible alternatives. 

The analysis of the selected balanced trajectories further confirmed these differences. 

The NSGA-II solution produced smoother and more homogeneous normal contact-force 

profiles for both manipulators, suggesting a more balanced mechanical contribution dur-

ing cooperative execution. In contrast, the MOPSO trajectory showed a more pronounced 

lateral motion, which led to larger differences between the left and right contact forces. 

This behavior highlights the importance of considering not only the final objective values, 

but also the trajectory shape and the temporal distribution of the interaction forces. 

Overall, the results demonstrate the suitability of multi-objective metaheuristic opti-

mization for force-aware cooperative dual-arm manipulation. In the evaluated scenario, 

NSGA-II provided the most robust compromise between force reduction, load-sharing 

behavior, and Pareto-front diversity. Future work will extend the proposed formulation 

by incorporating additional objectives such as execution time, energy consumption, 

torque-based indicators, and robustness margins. Further validation on real dual-arm ro-

botic platforms will also be considered to assess tracking accuracy, repeatability, and force 

behavior under experimental conditions. 

Future work will extend the proposed formulation by incorporating additional ob-

jectives such as execution time, energy consumption, explicit joint torque indicators, and 

robustness margins. In particular, including torque-based objectives directly in the opti-

mization problem would allow the Pareto front to capture both contact-level force sharing 

and joint-level mechanical loading. 
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