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Abstract— We present a fast planning algorithm for grasping
an object in clutter which computes a plan for relocating
obstacles to generate a trajectory of an end effector to the
target. We consider a configuration of objects where the density
of the space is very high, so no collision-free path exists without
relocating obstacles. Although there is a more appropriate
objective value to be optimized for fast completion (or low
energy consumption) of the grasping task, existing work does
not set out to optimize such an objective value directly related to
the task. Thus, the grasping task could be done inefficiently by
spending much time on moving objects that are not necessarily
moved.

We propose an algorithm that aims to minimize the number
of objects to be relocated instead of choosing the shortest
traveling path of end effectors which is a common strategy
in motion planning. The proposed algorithm is shown to run in
time O(N3) where N is the number of obstacles surrounding
the target. We show that the proposed algorithm runs very fast
even with a large number of obstacles (less than 0.25 sec for 100
objects) and reduces the completion time of the grasping task
significantly, compared with a baseline method which optimizes
the travel distance of the end effector (39.0% of reduction).

I. INTRODUCTION

Grasping objects using robotic manipulators in clutter has
long been considered as an important, practical, and difficult
task until recently [1]. If obstacles surrounding a target object
are populated densely, it is necessary to rearrange a subset
of the obstacles to complete a mission taking out the target
without damaging the target and obstacles as well as the
manipulator. Although there have been numerous methods
presented to manipulate a target object in clutter [2]–[8],
the problem of optimizing the rearrangement process of the
surrounding obstacles has not been received much attention.
Thus, manipulation tasks in cluttered environments may be
done inefficiently if the manipulator considers successful
grasping only but does not take into account the entire task,
including relocation of obstacles to avoid collisions between
obstacles and the end-effector.

Figure 1 shows two planning examples in the same con-
figuration of objects, showing how it is important to set
the objective value of the manipulation task appropriately.
The target (blue circle) is surrounded by obstacles (empty
circles) on a small constrained space like a shelf in a
fridge. The space is bounded, so objects only can move
through the bottom side because we also assume that the top
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(a) The distance-optimal path with-
out considering the energy or time
consumed for rearrangement

(b) An optimal path with the mini-
mum number of obstacles to be re-
located

Fig. 1: The target (blue circle) is surrounded by obstacles (empty circles)
on a small constrained space like a shelf in a fridge. The space is bounded
so objects only can move through the bottom side. The gray area shows
the reachable workspace of the manipulator. (a) If the manipulator takes
the shortest path to the target, it should remove the four obstacles on the
path (red circles). (b) If the manipulator takes a longer path, the number of
obstacles that should be rearranged reduces to two although the path is not
distance-optimal.

side is blocked or not accessible. The gray area shows the
reachable workspace of the manipulator. If the manipulator
takes the path with the minimum distance to the target
(Figure 4a), which is a common objective value in path
planning, it should remove the four obstacles on the path
(red circles). On the other hand, if the manipulator takes a
longer path as shown in Figure 4b, the number of obstacles
that should be rearranged reduces to two although the path
is not distance-optimal. Since grasping objects in general
takes longer time and more energy than just transporting
them, distance-optimal paths oftentimes are not practically
meaningful in this setting.

In this work, we consider the problem of grasping objects
in clutter while considering the overall task that is taking out
the target object for further uses. We define the number of
obstacles that are relocated by the manipulator as the objec-
tive value to be minimized. We consider 2D configurations
of objects (so no “picking from the top” action considered)
where the objects are densely located thus no collision-free
path of the end-effector can be found without rearrangement
of the objects. The environment is not necessarily static. In
order to deal with dynamic environments, we assume that
the manipulator can perceive dynamic changes of the object
configuration.

The most relevant work to our problem is presented in [3].
The planner in that work uses non-prehensile actions to
make a collision-free path to an object in clutter. It finds
obstacles to be removed by running a forward simulation



detecting obstacles that could collide with the manipulator if
it follows a distance-optimal path to the target. However, the
plan taking the distance-optimal path may take longer time
than a plan relocating the minimum number of obstacles (but
with a suboptimal distance). This shows that travel distance
of end effectors would not be an appropriate objective value
to be minimized.

The following are contribution of this work:
• We define an appropriate criterion for the grasping

task in clutter which achieves energy- and time-efficient
manipulation.

• We propose a polynomial-time algorithm that computes
a plan specifying the obstacles to be relocated and
the order of relocation, while aiming to minimize the
number of obstacles to be moved.

• We experimentally compare our method with a baseline
method, which only considers distance-optimal paths of
the end-effector, using various metrics.

II. RELATED WORK

In [3], a planning framework that utilizes non-prehensile
actions, such as pushing and pulling, to grasp an object
in clutter. The framework removes obstacles that the end
effector collides with if it follows a straight trajectory to
the target. Although this method generates the distance-
optimal path of the end effector, some obstacles could have
to be removed unnecessarily since the objective value is not
the number of obstacles to be removed. Also, the planners
presented in [2], [6] do not directly optimize energy or time
used for performing grasping tasks but mainly concern about
validity of their plans.

Recently, a randomized motion planner is proposed to
grasp an object in clutter where no collision-free path ex-
ists [7]. The planner generate a path that the manipulator
follows while pushing obstacles along the path. However,
the path is generated from a random tree expanding in a
workspace whose expansion strategy only concerns improv-
ing coverage of the tree rather than the number of obstacles
to be pushed to reach the target object.

In another recent work [8], pushing actions are generated
from a learned policy using deep reinforcement learning.
However, the configuration considered in the work has
collision-free paths and the goal is to push the target along
one of the collision-free path. Thus, no rearrangement of
obstacles is considered. In addition, the work considers
relatively simple cases which have obstacles up to four.

Among these, no work has directly tackled the problem
of minimizing the number of obstacles to be relocated for
efficient task performance, which is the goal of this work.
By considering a more appropriate and practical objective
value, we aim to perform the grasping task more efficiently.

III. PROBLEM FORMULATION

The mission taking out a target object from clutter con-
sists of several different processes that are, for example,
perception, planning, grasping, and navigation. We focus on

the planning problem of the manipulator especially the rear-
rangement of obstacles, which is shown to be NP-hard [9],
[10]. Other processes are out of the scope of this work so
we assume that the manipulator knows the configuration of
objects perfectly before planning begins. The environment
could change dynamically where the manipulator is assumed
to be able to perceive any dynamic changes (e.g., updated
locations of objects).

We consider configurations of one target object and N
obstacles in a 2D space. We assume that the density of the
workspace is very high. Formally, the minimum distance
between any two adjacent obstacles i and j, i.e., dij , is
shorter than the maximum distance r between two points on
the contour of a closed shape representing the target. More
formally,

dij < r,∀i, j where i 6= j. (1)

Under this assumption, there is no collision-free path be-
tween the target and any outside location of the clutter if
no obstacle is removed. The volume (or the size) of the
manipulator can be ignored by expanding the sizes of the
obstacles (i.e., generating a C-space). In the following, we
assume that any given map of objects is already in the C-
space representation.

In this setting, we set out to optimize the energy to
complete the mission. Note that we assume that energy
consumption is proportional to the time spent for the mis-
sion so will use energy and time interchangeably. We also
assume that grasping actions take longer time or greater
energy compared to transporting grasped objects. Then, this
problem can be posed as an optimization problem where
the objective value is the number of objects to be relocated
to avoid collisions while the end-effector navigates between
its initial position and the target object and vice versa.
Then a mathematical formulation of the problem is min k
subject to oi ∈ W ⊂ R2 for i = 1, · · · , k where k is the
number of obstacles to be relocated, oi is the i-th obstacle
to be relocated, and W is the reachable workspace of the
manipulator.1 We assume that all obstacles are located in
the reachable workspace of the manipulator without loss of
generality.

IV. APPROACH

In this section, we describe the algorithm and provide an
analysis of the algorithm.

A. Algorithm

The algorithm consists of (i) graph structure construction
and (ii) optimal path computation. Algorithm 1 describes the
entire procedure. The algorithm receives the information of
the objects (i.e., centroids of the target and obstacles, their
radii). Particularly, the information includes the locations
of the outermost obstacles in the reachable workspace. The

1A rigorous formulation of the problem may be a multi-objective opti-
mization problem to consider both the number of objects to be relocated
and the travel distance. But we assume that differences in travel distance
among different solutions are not significant as the manipulator works in a
relatively small space.



algorithm returns an ordered set of obstacles from the target
to an outermost obstacle. The set tells the manipulator what
and when to remove to reach the target.

Specifically, Algorithm 1 generates a Voronoi diagram
C based on the centroids of all objects X (line 2). An
unweighted graph G(V,E) is generated using the Voronoi
diagram C (line 3) where V and E represent the sets
of vertices and edges of the graph, respectively. For each
outermost object ti ∈ T , the algorithm finds an ordered
set Pi = {s, · · · , ti} (line 5) where using Breadth-First
Search (BFS) [11] where s is the target object. The graph
is unweighted so the shortest path means the minimum-hop
path from s to ti. The algorithm maintains the shortest path
P ∗ chosen among all shortest paths from s to each ti (lines
6–8). For the paths with the same number of hops (i.e., ties),
the one with the shorter Euclidean distance is chosen (lines
9–10). Using P ∗, the manipulator can removes obstacles
from ti to reach s (the reverse order of P ∗).

Algorithm 2 shows how the unweighted graph G is con-
structed from the Voronoi diagram C. For each Voronoi cell
Ci ∈ C, vertex i is generated (line 3). Then FINDADJCELLS
finds all adjacent cells2 (line 4). For each adjacent cell Cj ,
vertex j is generated (line 6) and then i and j are connected
with edge (i, j) (line 7). This generation of vertices and edges
repeats for all N + 1 cells (including N obstacles and the
target).

Figure 2 shows an instance of the problem and the result
of running Algorithm 1. The left figure is the C-space of a
configuration of objects in a 1 m × 1 m plane where the blue
circle represents the target object (the objects are dilated by
4 cm considering the size of the end-effector). The center
figure shows the Voronoi diagram generated from the C-
space where the gray circles show the outermost objects in
the workspace of the manipulator (suppose that the left and
right sides are not accessible by the manipulator owing to
the limited reachability or obstacles like walls, similar to
the environment in Figure 1). Then the graph in the right
figure is generated where the red edges show the optimal
path between the target and one of the outermost objects. If
the manipulator removes the obstacles on the path, the target
can be taken out from the clutter. If the manipulator takes
the distance-optimal path like [3] (the shortest line between
the target and the bottom side), total five obstacles should be
removed to avoid collisions. If the path shown in the right
figure is taken, only two obstacles need to be relocated.

Now we provide a complexity analysis of the algorithm.
Computing a Voronoi digram runs in time O(|V | log |V |) =
O((N + 1) log(N + 1)) = O(N logN) using an efficient
algorithm such as the method proposed in [12]. The graph
generation shown in Algorithm 2 takes time O(N2) be-
cause FINDADJCELLS runs in O(N) to check all cells
except Ci, and this function is repeated N + 1 times (i.e.,
O(N(N + 1)) = O(N2)). The graph G(V,E) generated by
Algorithm 2 has N +1 vertices and at most (N +1)2 edges

2If two cells share an edge in the Vorinoi diagram, they are adjacent.
Please see the center figure of Figure 2 as an example Voronoi diagram.

(if fully connected). Since BFS runs in time O(|E|+ |V |) =
O(N(N + 1)/2 +N + 1) = O(N2), calling this repeatedly
for all outermost objects in T takes O(N3) as |T | is at most
N . Therefore, Algorithm 1 runs in polynomial time, which
is O(N logN +N2 +N3) = O(N3).

Since this algorithm runs efficiently in polynomial time, it
can be used to recompute a new plan quickly if the configura-
tion is updated according to more accurate or recent sensing
information reflecting dynamic changes in the environment.
The feasibility of using the algorithm for online replanning
will be shown through extensive evaluations in the following
section.

Algorithm 1 MINREARRANGE

Input: the set of the centroids of all objects X , a target object s and the
set T including the outermost obstacles in the reachable workspace of the
end-effector
Output: a set of obstacles to be relocated P ∗ where |P ∗| = k

1 d∗ =∞, P ∗ = ∅
2 C = VORONOI(X)

3 G(V,E) = GENGRAPH(C) . . . . // see Alg. 2 for the graph generation
4 for each ti ∈ T . . . . . . . . . . . . . . . . . . // repeat for each outermost object
5 Pi = SHORTESTPATH(G, s, ti) . . . . . . . . // run Breadth-First Search
6 if |Pi| < d∗ . . . . . . . . . // if the path length is shortest, keep that path
7 d∗ = |Pi|
8 P ∗ = Pi

9 else if |Pi| = d∗ and l(Pi) < l(P ∗) // if path lengths are the same,
. . // keep the one w/ the min. Euclidean distance computed using l(path)

10 P ∗ = Pi

11 end if
12 end for
13 return P ∗

Algorithm 2 GENGRAPH

Input: A Voronoi diagram C = {C1, · · · , CN+1} where Ci is the i-th
cell
Output: an unweighted graph G = (V,E)

1 V = E = ∅
2 for each Ci ∈ C
3 V ← V ∪ i

4 Cadj = FINDADJCELLS(C, i) . . . . . . . // find all adjacent cells of Ci

5 for each Cj ∈ Cadj
6 V ← V ∪ j

7 E ← E ∪ (i, j) . . . . . . . . . // connect edges between adjacent cells
8 end for
9 end for
10 return G(V,E)

V. EVALUATION

In this section, we evaluate the performance of the algo-
rithm. First, we measure the running time of the algorithm
with random instances. We also run experiments in a simu-
lated environment to see how the proposed method improves
performance of the grasping task practically. The result is
compared with a baseline method which uses the distance-
optimal path of the end effector presented in [3].



Fig. 2: An instance of the problem and the result of running Algorithm 1. (Left) A C-space of objects in a 1 m × 1 m plane where the blue circle
represents the target object. (Center) The Voronoi diagram generated from the C-space where the gray circles show the outermost objects in the workspace
of the manipulator (Right) A graph generated where the red edges show the optimal path between the target and one of the outermost objects. If the
distance-optimal path (the shortest line between the target and the bottom side) is taken, four obstacles should be removed whereas the path shown in the
right figure only requires relocation of two obstacles.
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Fig. 3: Running time of Algorithm 1 from N = 10, · · · , 100 with an
interval of 10 (20 repetitions for each N ).

TABLE I: Running time of Algorithm 1 (20 repetitions). The standard
deviations are omitted as they are all smaller than 0.012.

N 10 20 30 40 50
Time (sec) 0.016 0.025 0.0409 0.0611 0.0768

N 60 70 80 90 100
Time (sec) 0.1023 0.1325 0.1686 0.2050 0.2471

A. Performance of the algorithm

We test random instances to measure practical running
time of Algorithm 1. Note that the system is with Intel Core
i5 2.7GHz with 8G RAM and MATLAB R2017b. We ran-
domly generate 20 instances for each N where N increases
from 10 to 100 with an interval of 10. The result is shown
in Figure 3 and Table I. The algorithm can compute a path
within 0.25 sec for the instances with 100 obstacles, showing
that the algorithm is suitable for real-time applications. Also,
online replanning in dynamic environments is also possible
up to several tens of obstacles (may vary depending on the
system).

B. Experiments

1) Setting: We test the proposed algorithm in a simu-
lated environment using a high fidelity robotic simulator
V-REP [13] where dynamics can be modeled by one of
several physics engines. An example configuration of the
experiments is shown in Figure 4. Ten objects are randomly
populated on a 0.5 m by 0.5 m tabletop, whose diameters are
randomly sampled from [3.5, 5] whose unit is centimeter.
A C-space is generated by dilating the objects by 2 cm to

ignore the size of the end effector (notice that Figure 4
is not in the C-space representation). The green object is
the target and the box below the table is prepared to place
removed obstacles. We assume that the manipulator only
can pull out objects through the bottom half of the table
(the direction toward the manipulator’s position) owing to
the limited reachability of the end effector. For any random
configuration, the position of the end effector is fixed in the
middle at the bottom side of the table. The simulation is done
in a system with Intel Core i7 4.20GHz and 8GB RAM.

(a) An example configuration (b) Top view

Fig. 4: Screenshots of the simulated environment.

From our proposed algorithm, a simple path of the end
effector which consists of line segments connecting the
obstacles in P ∗ is calculated. Note that this path does not
consider kinematics of the manipulator, so the manipulator
may collide with obstacles if it cannot follow the original
path. Also, other possible (nonlinear) paths that modify the
original linear path to detour obstacles are not considered.

2) Results: Table II shows the results from 10 random
configurations. For the same configuration, we run both
our method and a baseline method used in [3] choosing a
distance-optimal path between the initial position of the end
effector and the target object. We measure the number of
relocated objects computed by Algorithm 1. We also record
the number of collisions between the manipulator and the
objects (those collisions that change object positions are
counted only). We measure the total running time of the



Method Baseline Proposed

Configuration # (A) No. of relocated (B) No. of (A+B) Total No. of relocated No. of (A+B) Total
objects collisions time (sec) objects collisions time (sec)

1 3 1 4 103.4 2 1 3 91.3
2 4 0 4 131.6 2 0 2 91.4
3 3 0 3 103.4 1 1 2 51.0
4 5 0 5 159.7 2 0 2 91.4
5 4 0 4 131.5 2 1 3 91.4
6 5 0 5 159.7 2 0 2 91.4
7 5 0 5 159.5 2 0 2 91.3
8 6 0 6 187.8 2 0 2 91.4
9 5 1 6 159.5 2 1 3 88.0

10 4 1 5 131.5 2 2 4 91.3

(a) The results from 10 random configurations. The same configuration is used for the baseline and the proposed method for comparison.

Method (A) No. of relocated objects (B) No. of collisions (A+B) Total time (sec)
Baseline 4.4 (0.97) 0.3 (0.48) 4.7 (0.95) 142.7 (271.5)
Proposed 1.9 (0.32) 0.6 (0.70) 2.5 (0.71) 87.0 (126.8)

(b) The average and standard deviation (in parentheses) of 10 random trials.

TABLE II: The result from experiments in a simulated environment with N = 9 (10 trials).

grasping task to see how reducing the number of relocated
obstacles decreases the total execution time as well as energy
consumption. Note that no failure occurs in taking out the
target from the cluttered environment.

Since the objects are very densely located, a distance-
optimal path must pass the area occupied by many obstacles.
On the other hand, the path generated from our proposed
method reduces the number of obstacles to be relocated as
it directly aims to minimize rearrangement of objects. The
second and fifth columns in Table IIa show that our method
can reduce the number of relocation in all configurations.

The proposed method incurs more collisions in average
because the generated path does not consider kinematics of
the manipulator. The baseline method also does not consider
kinematics but the simple straight path does not necessar-
ily require to take into account kinematics. In hindsight,
the collided objects also should have to be relocated for
collision-free manipulation. Thus, it is reasonable to compare
the sum of the numbers of relocated objects and collided
objects (i.e., the columns showing (A+B) in Table IIa).
Overall, the proposed method has a smaller number of
obstacles that should be relocated to achieve collision-free
manipulation of the target (reduced from 4.7 to 2.5 as shown
in Table IIb). This reduction brings a significant improvement
to the completion time of the grasping task. In average,
55.7 sec is saved for the completion of the task by reducing
the number of relocated obstacles. In other words, 39.0% of
the completion time of the baseline method is reduced by
computing a non distance-optimal path using our proposed
algorithm which takes less than 0.02 sec for the given number
of objects.

C. Discussion

Although the proposed algorithm finds the obstacles to be
removed with their removal order quickly, avoiding collisions
is not guaranteed since the algorithm only considers straight
path segments connecting obstacles to be removed. To deal
with possible collisions, we will further take into account

collision avoidance using existing kinodynamic planners. For
those cases where no collision-free path can be found even
after considering collision avoidance, we are developing a
collision checker running a forward simulation similar to the
method described in [3]. The collision checker will enable
finding obstacles around the path which can collide with the
manipulator. If such obstacles are found, the manipulator
can try with other same hop paths3 not to have additional
relocations of obstacles. Or the manipulator may decide to
relocate the obstacles from the path. A unified approach
will follow in our future work to include planning, collision
checking, collision avoidance, control, and online replanning.

VI. CONCLUSION

In this work, we propose a fast planning algorithm for
grasping an object in clutter which finds the minimum num-
ber of objects to be removed for the manipulation mission
taking out the object. We provide evaluations of the algorithm
and realistic experiments in a simulated environment. We
show that the proposed algorithm (i) runs very quickly even
with a large number of obstacles (less than 0.25 sec for
100 objects) and (ii) saves the entire running time of a
manipulation mission significantly, compared with a baseline
method which optimizes the travel distance of the end
effector (39.0% of reduction).

In the future, we will consider the cases where the config-
uration of the objects are not perfectly perceived in advance,
so the manipulator should deal with dynamically updated
configurations in an online manner. We will also consider
the problem of deciding where to relocate the obstacles and
how to plan for the relocation. Non-prehensile actions like
pushing and pulling can be considered as well for those
obstacles that do not require grasping. Also, we will con-
sider affordance of grasp by considering asymmetric objects.
Lastly, we will develop a unified framework combining the
separated processes of perception, planning, and execution.

3Notice that we choose the path with the minimum Euclidean distance
in Algorithm 1 if there are ties.
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