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Grasp Planning for Load Sharing in Collaborative Manipulation

Usama Tariq, Rajkumar Muthusamy and Ville Kyrki

Abstract— In near future, robots are envisioned to work
alongside humans in unstructured professional and domestic
environments. In such setups, collaborative manipulation is a
fundamental skill that allows manipulation of heavy loads by
load sharing between agents. Grasp planning plays a pivotal
role for load sharing but it has not received attention in
the literature. This work proposes a grasp analysis approach
for collaborative manipulation that allows load sharing by
minimizing exerted grasp wrenches in a task specific way. The
manipulation task is defined as expected external wrenches act-
ing on the target object. The analysis approach is demonstrated
in a two-agent decentralized set-up with unknown objects.
After the first agent has grasped the target, the second agent
observes the first agent’s grasp location and plans its own grasp
according to optimal load sharing. The method was verified
in a human robot collaborative lifting task. Experiments with
multiple objects show that the proposed method results in
optimal load sharing despite limited information and partial
observability.

I. INTRODUCTION

Cooperative1 manipulation of large and heavy objects has

become an important task in several robotic application do-

mains such as construction, forestry, agriculture and service

robotics [1], [2]. To perform such tasks, multiple agents need

to coordinate to grasp an object such that a closed kinematic

chain is formed. This setting increases the handling and

task capacity of individual agents and improves the task

precision. Effective coordination can improve the distribution

of load among the cooperative agents. Most studies [3], [4],

[5] consider multi-agent coordination in centralized setting

requiring central decisions from global planning. In contrast,

coordination of decentralized systems [6] is more challenging

due to the limitations in communication, heterogeneity of

agents and incomplete knowledge.

In human-centred robot applications [7], a robot is ex-

pected to collaborate with humans and accomplish manip-

ulation tasks together. Such systems are then inherently

decentralized and heterogeneous. Moreover, the robot may

lack information about the target object and the cooperating

human which makes the use of traditional wrench space

quality measures inapplicable for grasp planning.

The load sharing problem [8, ch. 29] has been considered

in the control context, where the study focuses on how
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1Collaborative and cooperative words are used interchangeably in this
paper.

cooperative agents control the distribution of load while

simultaneously handling a common object. However, the

placements of grasps effect the load distribution significantly.

Nevertheless, the load sharing has not been addressed from

the perspective of planning cooperative grasps.

We propose a method for grasp coordination for multiple

agents that allows coordinated grasping of unknown objects.

The underlying idea of the method is to share the object load

among the cooperative agents. To be specific, the method

allows decentralized multi-agent grasp planning to determine

cooperative grasps with minimal wrenches for a desired co-

manipulation task. We make two assumptions in our method

(i) all candidate grasps are force closure (ii) each agent

will have knowledge only about its own embodiment and

capabilities. In conventional grasp planning, force closure is

a minimal condition of a grasp to withstand arbitrary distur-

bances. For collaborative grasping in decentralized setting,

force closure assumption eliminates the need of individual

grasp analysis. Moreover, the decentralized agents are not

able to predict the stability of grasp by other agents. Thus

the assumption simplifies grasp planning. We represent the

load sharing problem as a quadratic optimization problem

to parametrize the constraint wrenches required for the task.

Moreover, the formulation allows to tune the load sharing

coefficient and define even the distribution of load in a

flexible way (e.g. one of the agent can be set to assist or

support or partner).

We also present a human-robot cooperative system which

demonstrates a grasping for an unknown object consisting

of human grasp detection, decentralized grasp planning,

grasp execution and cooperative object manipulation. We

formulate two experimental metrics to analyse cooperative

grasp stability and load distribution. Experiments on physical

robot demonstrate that the collaborative grasp solutions and

their performance based on cost evaluation correlates with

the experimental metrics. This validates the effectiveness of

the proposed method in multi-agent systems.

In summary, the primary contributions of this paper are:

1) A grasp analysis approach that estimates the minimal

wrenches satisfying the task criterion for each grasp

pair and determines collaborative grasps for effective

load distribution.

2) An online system for human-robot cooperation that

allows grasp planning for unknown objects and enables

to validate the effectiveness of the proposed method-

ology.

3) A study on performance of collaborative grasp solu-

tions and two experimental measures to evaluate the

quality of performed joint grasps.



In the following, Sec. II surveys related work. Sec. III

presents the grasp analysis methodology based on load

sharing concept. The human-robot cooperative system that

implements the method is described in Sec. IV. Sec. V studies

the method in virtual and physical environment. Finally, Sec.

VI concludes with future directions.

II. RELATED WORKS

Load sharing [8] has been studied as a control problem

from two perspectives in multi-robot systems. On one side,

several optimal load sharing strategies have been proposed to

resolve actuation redundancies in co-manipulation tasks and

allocate suitable wrench set-points for the co-manipulators.

Zheng and Luh [9] proposed several distribution methods

for two cooperating manipulators based on least energy

consumption and minimal force consumption criterion. For

unknown loads, load estimation and force compensation

methods were presented in [10]. Recently in [11], dynamic

distribution of load has been considered for heterogeneous

cooperative manipulation setting, where a intuitive tuning

strategy is presented to balance the payloads. On the other

side, a few works presented load sharing methods for robust

holding of a common object, where the objective is to de-

termine cooperating robot wrenches needed for resisting ex-

ternal disturbances. Uchiyama and Yamashita [12] proposed

adaptive load sharing by formulating the contact conditions

as a set of linear inequalities with respect to load sharing

coefficients. Later, they [13] defined control parameters and

presented an algorithm using quadratic programming for

adjusting exerted wrenches that allows to hold object robustly

against the external disturbances. However, these strategies

cannot be applied if a human is considered as a partner.

In human centred environments, the robot partner is capa-

ble of compensating the object dynamics and gravity in co-

manipulation tasks. Most works in the area consider role dis-

tribution between the robot and human and only few works

have considered load sharing in this context. Lawitzky [14]

presented an effort sharing strategy for joint manipulation

tasks and three intuitive effort sharing policies for unilateral

and balanced effort distributions. They used haptic interface

to perform human-robot experiment in virtual environment.

Nevertheless, in collaborative manipulation load sharing is

also heavily dependent on relative locations of grasps.

Grasp planning [15], [16] has been studied extensively

with individual robots and to an extent in multi-robot sys-

tems. Recently, multi-robot coordination has also been ad-

dressed in decentralized context with heterogeneous robots.

The embodiment uncertainty was addressed by treating tra-

ditional grasp quality measures in a probabilistic context

[17], [18]. However, the approaches are not applicable if

no model for the manipulated is available in planning, as is

the case in this paper. Task specific quality measures have

also been studied extensively, primarily extending the wrench

space formulation [19]. The approach proposed in this paper

is inspired by the existing idea of formulating a task as

required wrenches. However, for load sharing of unknown

objects, we propose to estimate the task parameters using

visual measurements of object shape. The method uses online

measurements and quadratic programming to determine the

grasp pair for an unknown object whereas the conventional

grasp planning is more dependant on evaluation of grasps

using wrench space quality measures for known objects.

III. GRASP PLANNING FOR COLLABORATIVE

MANIPULATION

A grasp coordination method for effective load sharing

is presented in this section to accomplish a collaborative

manipulation task. For simplicity we consider a two-agent

case where an intelligent first agent makes a grasp taking

into account the existence of the other cooperative agent.

Considering the grasp location of the first agent, this method

selects a grasp for the second agent such that the load

sharing objective function is maximized for desired task.

Prior assumptions about the system are:

1) A sequential coordination protocol is used for collab-

oration between multi-agent systems.

2) Approximate grasp location of the first agent is known.

3) Approximate location of center of gravity of the object

is known.

4) A number of candidate grasps are available for the

second agent.

We show that these assumptions can be valid in Sec. IV.

A. Task-specific wrench equilibrium

During robotic manipulation of an object, a single grasp

results in multiple contact points on the target object. In typ-

ical grasp stability analysis, each contact point is represented

by a single force (frictionless contact) or a friction cone

(contacts with friction) in the direction of surface normal at

the contact point. The grasp will be stable (force closure)

if any external wrench can be resisted by these contact

forces. Therefore, a stable grasp will be applying forces and

torques in one or multiple directions on the target object for

execution of the manipulation task. Thus at any time instant

during the manipulation, a stable grasp can be represented

by a net wrench acting on the object.

g =

[

f

τ

]

(1)

where g is the grasp wrench of an arbitrary stable grasp, f

is the force vector, and τ is the torque vector acting on the

target object in the object reference frame. The net wrench g

on the object is the resultant of all forces and torques applied

at the contact points by an n-fingered robot grasp [19].

Over the course of a manipulation task, the object under-

goes a trajectory which can be discretized as a sequence of

poses based on arbitrary time interval. At each pose during

the manipulation, external wrenches such as gravitational

force will be acting on the object. The manipulating agents

need to cooperatively apply a wrench on the target object to

compensate the external wrenches and change the object’s

state to next pose in the trajectory. In object reference frame,



this wrench can be represented by a task wrench

wt =

[

ft

τt

]

(2)

where ft is the task force vector and τt is the task torque

vector required in a particular pose. A similar approach for

task representation has also been used by Seredyński [20]

for task specific grasp planning.

Consider a target object being manipulated by two agents

A1 and A2, with its center of gravity at o = [0, 0, 0]T

in object reference frame. Assume that the locations of

grasps by A1 and A2 are represented by vectors p1 =
[p1x, p1y, p1z]

T and p2 = [p2x, p2y, p2z]
T respectively. Us-

ing the grasp representation discussed earlier, grasp wrenches

by both agents can be expressed as g1 = [f1 τ1]
T and

g2 = [f2 τ2]
T .

To succeed in manipulation, these wrenches must be equal

to the task wrench wt. Thus the wrench equilibrium can be

expressed as

f1 + f2 = ft (3)

p1 × f1 + τ1 + p2 × f2 + τ2 = τt (4)

B. Grasp optimization by minimization of efforts

The utility of a g1-g2 grasp pair is proportional to the

wrenches required from both agents for the manipulation task

where smaller wrenches represent a better grasp solution.

Therefore, for a particular pose during the manipulation, a

cost function for a grasp pair can be defined as

c(g1, g2) =‖ f1 ‖
2
+ ω1

2‖ τ1 ‖
2

+ ǫ2‖ f2 ‖
2
+ ǫ2ω2

2‖ τ2 ‖
2

(5)

The factors ǫ, ω1, and ω2 are non-negative coefficients,

introduced to incorporate capabilities of manipulating agents

in cost factor. ǫ indicates the ratio between contribution

desired from each agent, whereas ωi is the factor of torque

compared to force for Ai in cost calculation. ωi is typically

related to the size of a gripper, which can be used as a scaling

factor between forces and torques.

Setting ǫ = 1 represents equal desired efforts by both

agents. In a lift-up task, such a solution will try to distribute

the object’s load equally between both agents. A value of less

than 1 for ǫ will result in higher efforts by A2 compared to

A1.

For a g1-g2 grasp pair, the total cost of task execution can

be calculated as sum of the costs over poses.

cT (g1, g2) =
∑

i

ci(g1, g2) (6)

where ci is the cost of ith pose during the desired trajectory.

An optimum solution will offer a minimum total cost

to ensure maximum quality. Since it was considered that

the candidate grasps are available, the problem is reduced

to grasp selection such that the cost of manipulation is

minimized. Therefore, the load sharing problem can be

considered as a quadratic minimization problem; minimizing

cost expressed in (5) for each grasp pair while satisfying task

equations presented in (3) and (4).

For the manipulation task, grasp wrenches are unknown

for both grasps before task execution. However, minimum

required wrenches for a known task wrench can be computed

for each g1-g2 grasp pair where grasp by A1 will remain

same in all pairs. A candidate grasp by A2 offering minimum

total cost will result in an optimal collaboration under given

cost factor. Quadratic programming [21] can be used to

estimate minimum required wrenches.

The quadratic programming solution will estimate the

unknown state vector x while minimizing the function

c(x) =
1

2
xTQx (7)

s.t. Ex+ e0 = 0

where

x =









f1

τ1
f2

τ2









Q =









I 0 0 0
0 ω1

2I 0 0
0 0 ǫ2I 0
0 0 0 ǫ2ω2

2I









E =

[

I 0 I 0
R1 I R2 I

]

e0 = −Wt.

The matrix Q is derived from the cost factor expressed in

(5). I and 0 are 3×3 identity and zero matrices respectively.

The matrix Ri is a cross product operator given by

Ri =





0 −piz piy
piz 0 −pix
−piy pix 0





such that the equality constraint Ex + e0 = 0 is the

equivalent representation of wrench equilibrium expressed

in (3) and (4).

Estimated grasp wrenches can be used to calculate the

cost of manipulation for a grasp pair using (5). For an

established A1 grasp at p1, we determine grasp location of

A2 from a given set of grasp candidates P2 = {p1
2
, ..., pn

2
} to

accomplish a trajectory specified as a list of task wrenches

Wt = w1

t , ..., w
n
t using

p2 = argmin
pk

2
∈P2

(

∑

i

min
x

ci(x;w
i
t, p1, p

k
2
)

)

(8)



IV. GRASPING SYSTEM FOR HUMAN-ROBOT

COLLABORATION WITH UNKNOWN OBJECTS

An on-line grasping system has been developed for

human-robot collaborative lift-up of unknown objects. A

block diagram of the system is shown in Fig. 1. Depth

information of the environment from a fixed Kinect is used

as the input to the system. The depth input is filtered and

segmented to extract the target from the environment. It is

assumed that the object of interest is the largest object in the

sensor’s field of view and is placed on a planar surface.

The robotic grasp planning problem was divided between

two planners. A pre-planner generates candidate grasps on

the target object followed by a post-planner that selects

an optimal candidate for collaborative manipulation. Com-

ponents of the systems are briefly described in following

subsections.

Fig. 1: Functional flowchart of a human robot collaboration

system

A. Target Extraction and Human Grasp Detection

The object extraction process consists of filters applied in

a preprocessing chain. First, a pass-through filter selects the

area of interest in the sensor’s field of view which is then

down sampled using a voxel grid filter. The down sampling

process reduces size of the point cloud while retaining

shape of the target object. Subsequently, the ground plane

is removed using RANSAC plane estimation. To remove

random noise in the remaining point cloud, a statistical

outlier filter is used. Since the target object is the largest

object in the scene, the largest point cluster after Euclidean

segmentation gives point cloud of the target object.

Point cloud of the target was used to detect location of the

human grasp and to generate candidate grasps on the object.

Grasp location was approximated by observing change in

the target point cloud. A human grasp execution on the

target introduces additional point cloud data close to the

target object. The location was estimated by computing mean

location of 100 points closest to the target object.

B. Pre-planner: Grasp Generation

The pre-planner is responsible for generating candidate

grasps on the target object. An elementary grasp actions

(EGA) [22] based method was used in this work for candi-

date grasp generation on unknown objects using a simplified

gripper model. The partial point cloud of the target object

was approximated with rectangles using plane estimation.

EGA5 grasps [22] were generated on rectangular faces of

the object while considering width of the gripper to filter

graspable rectangular faces. Candidate grasps were validated

for collision avoidance in the simulation environment to filter

out invalid grasps. It was assumed that the candidate grasps

generated by this method satisfy force closure.

Another primary parameter required for collaborative

grasp analysis is center of gravity (CoG) of the object which

was estimated by computing an axis aligned bounding box

(AABB) of the object point cloud. The center of AABB was

considered as the CoG. We assume that atleast two sides of

the object are visible in the point cloud for CoG estimation

using this method.

C. Post-planner: Collaborative Grasp Planning

The post planner evaluates the candidate grasps generated

by pre-planner for collaborative manipulation task. A lift-

up of the target object was considered as the collaborative

manipulation task with an assumption that accelerations

during manipulation will be low such that the inertia of

the object can be ignored. The task will thus include one

goal state i.e. object in equilibrium after the lift-up. The task

wrench can be expressed as wt = [fg 0]T where fg is the

gravitational force. The task equations for the object after

lift-up can be expressed as

f1 + f2 = fg (9)

p1 × f1 + τ1 + p2 × f2 + τ2 = 0 (10)

For a fixed human grasp, the cost of task execution was

computed for each candidate grasp - human grasp pair

using the method proposed in Sec. III and the candidates

were ranked in ascending order of cost. A candidate grasp

producing the minimum cost was selected for robotic grasp.

Subsequently, the selected grasp was executed to complete

the manipulation task.

It is to be noted that the gravitational force in the task

wrench depends on mass of the object which cannot be

estimated for an unknown object. However, a unity value can

be assumed for the unknown mass since the optimal location

for a robotic grasp will be independent of object’s mass. A

constant value of unknown mass used for cost evaluation

of each candidate will scale the approximated cost with the

same factor.



V. EXPERIMENTS AND RESULTS

Experiments were performed to verify successful execu-

tion of collaborative manipulation task and validate load

sharing between human and robot manipulator. A 7-DOF

manipulator was used as the robotic agent with BarrettHand

gripper. A stationary Kinect was used for sensing the envi-

ronment. The manipulation task considered in experiments

was a lift-up of 5 cm above the ground surface. A value

of one was used for ǫ, ω1 and ω2 in cost estimation. Thus

the system will try to achieve an equal contribution by both

agents in manipulation task. Such a parameter setting can

be easily verified, quantitatively or by visual observation. To

eliminate variations in a real human grasp execution between

multiple experiments, the human grasp was emulated by

a fixed support at the time of evaluating stability. This

eliminates any bias in the results by ensuring an equal lift

by both agents.

A. Cooperative Grasp Stability

A lift-up task requires translation of a target opposite to the

direction of gravity and a stable cooperative solution should

not change the orientation of the lifted object. Therefore,

stability was evaluated by measuring tilt of the object after

lift-up. Tilt was measured as the sum of absolute roll

and pitch generated after the lift-up. The experiment was

performed on two random poses for a table with a different

human grasp location for each pose.

Figure 2a shows the table object in the first experimental

setup along with a human grasp. Approximate location of

human grasp, candidate grasp locations and robot grasp de-

cision are shown in the visualization environment in Fig. 2b.

To verify the quality of decision, the task was performed

with six candidate robot grasps. The evaluated candidates

are labeled (a-f) in Fig. 2b and the state of the object after

task execution is shown in Fig. 3.

(a) (b)

Fig. 2: Table object (pose 1) (a) Real environment with a

human grasp (b) Visualization environment - Pink sphere

is estimated location of human grasp, yellow squares are

robot grasp candidates and rgb axes marker indicates grasp

decision by proposed solution. Candidate grasps evaluated in

this experiment are labeled (a-f).

It can be observed that the object tilted in all cases. The

measured tilt angles for each grasp are shown in Fig. 4

(a) (b) (c)

(d) (e) (f)

Fig. 3: Table object (pose 1) - 6 candidate robot grasps (a-f)

executed against an emulated human grasp.

Fig. 4: Table object (pose 1) - Total absolute tilt angle and

estimated cost for robot grasps (a-f).

along with the cost estimated prior to the task execution by

proposed method. The tilt is minimum for Grasp (e), which

was also selected for robot grasp by the proposed solution.

This substantiates that the grasp analysis method selected the

candidate grasp producing maximum stability in the object

after task execution. Furthermore, it can be observed that the

estimated cost factor correlates with the measured quality of

task completion.

In Fig. 4, a noticeable irregularity is between the cost

and quality measures of Grasp (a) and (c), where Grasp (a)

estimated worse than Grasp (c) has shown a better stability.

The difference is due to the difference in type of grasps

evident in Fig. 3. In cost estimation, all candidate grasps

were supposed to be equally stable which does not hold true

in the real execution.

The same experiment was repeated on the table object

with a different pose and human grasp location. Real and

visualization environments are shown in Fig. 5 along with

candidate grasp locations and selected robot grasp solution.



Similar to the prior experiment, a lift of 5 cm was performed

with pairs of fixed human grasp and six candidate robot

grasps. Evaluated candidates are labeled (a-f) in Fig. 5b

whereas Fig. 6 shows the state of table object after manipu-

lation for each grasp pair.

(a) (b)

Fig. 5: Table object (pose 2) (a) Real environment with

an emulated human grasp (b) Visualization environment -

Pink sphere is estimated location of human grasp, orange

squares are robot grasp candidates and rgb axes marker

indicates grasp decision by proposed solution. Candidate

grasps evaluated in this experiment are labeled (a-f).

(a) (b) (c)

(d) (e) (f)

Fig. 6: Cooperative manipulation of the table (pose 2) - 6

candidate robot grasps (a-f) executed against an emulated

human grasp.

Total tilt angles measured after the manipulation for each

evaluated grasp pair are plotted in Fig. 7 along with the

estimated cost. Grasp (d) was observed to have minimum

tilt after manipulation which corresponds to the computed

solution by the developed system. A correlation can again

be observed between measured quality and estimated cost of

the candidate grasps. An inconsistency can again be observed

for Grasp (f) compared to the Grasp (a) or (b) due to the

different types of grasps in real execution.

Fig. 7: Table object (pose 2) - Total absolute tilt angle and

estimated cooperative manipulation cost for robot grasps (a-

f).

The results indicate that stability defined using tilt corre-

lates strongly with the minimization of exerted wrenches,

allowing the proposed method to plan stable coordinated

grasps. However, the capabilities of the hands appear non-

symmetric which could be further taken into account in

the cost function by introducing different coefficients along

different directions.

B. Load Distribution

The cost function used in the experiments aims to ensure

load sharing between manipulating agents. Thus the robotic

manipulator should bear half of the total load of the object.

To verify that the grasp decision by the system is also an

optimal load sharing solution, the manipulation task was

performed on a box shaped object for multiple candidate

grasp and a fixed human grasp location. The total load of

the box, i.e. the gravitational force, was measured to be

approximately 4.2N. Fig. 8a shows the experimental setup

for this experiment. The task was repeated with six candidate

grasps, labeled (a-f) in Fig. 8b. State of the object after task

execution in each evaluated case is shown in Fig. 9.

After the lift-up task was completed, the force acting on

the robotic gripper in direction of gravitation was measured

using a force/torque sensor. The measured force for each

evaluated candidate is plotted in Fig. 10. It can be observed

that the load contribution by robot increases as it moves

towards center of gravity of the object. An optimal load

sharing solution must contribute half of the total load i.e. 2N

after the manipulation task, making Grasp (b) the optimal in

this case. However, grasp decision by the proposed method

was Grasp (a) which offers second closest value to the

optimal 2N.

The difference in the decision is due to low mass of the

object and the use of multi-fingered hand that may exert

forces in different directions during grasping.

To validate that the load sharing is reflected in computed

cost of manipulation, the estimated cost is plotted with the

measured cost for all evaluated candidates in Fig. 11. The



(a) (b)

Fig. 8: Box object (a) Real environment with an emulated

human grasp (b) Visualization environment - Pink sphere

is estimated location of human grasp, orange squares are

robot grasp candidates and rgb axes marker indicates grasp

decision by proposed solution. Candidate grasps evaluated in

this experiment are labeled (a-f).

(a) (b) (c)

(d) (e) (f)

Fig. 9: Cooperative manipulation of box object - 6 different

robot grasps executed against an emulated human grasp.

measured cost is computed using the expression:

cm =‖ fm ‖2 +(‖ fg ‖ − ‖ fm ‖)2 (11)

where fg is the gravitational force on the object and fm

is the measured force for each grasp plotted in Fig. 10.

An increasing trend can be observed in both measured

and estimated costs indicating a correlation between both

factors. However, increase in the measured cost is not as

gradual as in estimated cost factor. This is due to the fact

that the measured cost does not include the torque factors.

Furthermore, due to dynamics of the experimental setup, the

object was completely lifted by robot for Grasp (e) and (f)

which further increased forces on the gripper. Similarly, the

emulated grasp having multiple points of contact with the

target had different effects for different grasps.

The force measurements indicate that the proposed method

Fig. 10: Box object - Forces experienced by gripper for

Grasps (a-f). Grasp (a) is the grasp decision by proposed

solution.

Fig. 11: Box object - Measured and estimated cost for grasps

(a-f).

(a) (b)

Fig. 12: Cooperative manipulation with a chair object. (a)

Visualization environment - The point cloud acquired from

a single Kinect view is visualized as a green triangulated

mesh, pink sphere is estimated location of human grasp,

yellow sphere is the estimated location of center of gravity,

orange squares are candidate robot grasp locations and rgb

axes marker indicated grasp decision. (b) Cooperative lift-up

by selected solution.

can be used for load distribution among agents. However, the



quality of load distribution is dependent on the accuracy of

estimated parameters such as location of the object center of

gravity.

C. Collaborative manipulation of complex shaped objects

To verify robustness of the system, the manipulation task

was repeated with complex shaped objects. It was observed

that if a close approximation of object’s center of gravity and

human grasp location can be extracted, successful coopera-

tive manipulation can be achieved by the system. Figure 12

shows the manipulation task being performed on a chair

object.

VI. CONCLUSION

This paper proposed a grasp coordination method for

optimal load sharing in collaborative manipulation. The

approach aims to determine collaborative grasps that max-

imize the distribution of load among the agents, differing

from conventional grasp planning. We presented a human

robot collaborative system to experimentally demonstrate and

study the performance of the proposed methods. In order to

validate the effectiveness of the load sharing grasp solutions

for physical systems, we developed metrics to quantify the

quality of the executed collaborative grasps. Experimental

results showed that the collaborative grasp solutions and

their performance based on cost evaluation correlate with

the experimental metrics. The method showed potential for

collaborative manipulation in human centric environments.

Solution quality of the method can be improved by using

better grasp planers for generating grasp candidates. In

this work, we assumed the grasp candidates to be force

closure for the case of unknown objects. Better approaches to

quantify the candidate grasps of such object can add value to

our method. Considering sensitivity of the method to center

of gravity, a better CoG estimator can also improve results

for complex objects. The task considered in this work was

a lifting task but the method formulation is not limited to

such tasks. The performance in more complex tasks should

be evaluated in future work.
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