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Abstract— This report describes an integrated system for
warehouse picking. The focus is on comparing different
modalities of end-effectors in terms of their capabilities in
grasping a variety of objects. In this context, this report
also describes how different components of the overall
system, such as pose estimation and motion are integrated.

I. INTRODUCTION

Warehouse automation is increasingly attracting the
interest of the robotics research community as well as of
the related industry, motivated by success stories, such as
the - now Amazon-owned - Kiva solution for warehouse
management [1]. A critical task in this context, which
has not been fully automated yet in the industry, is
picking objects of different shapes and textures from
Kiva shelving units. Narrow spaces, such as shelving
units, complicate both perception and the motion plan-
ning process. The Amazon Robotics Challenge is an
opportunity to evaluate alternative approaches towards
the automation of picking operations in warehouses and
identify such challenges during the realization of inte-
grated solutions [2], [3], [4]. Effectively picking objects
with different characteristics demands a combination of
state-of-the-art perception solutions, robust grasp plan-
ning and hardware choices that aim to simplify the
complexity of the problem. The focus of this report is on
the capabilities of different modalities of end-effectors,
such as suction-based solutions and closure grasps alter-
natives, in the context of an integrated system.

II. HARDWARE SETUP AND GRIPPER DESIGN

The considered hardware setup consists of a dual-arm
Yaskawa Motoman SDA10F. This system (see Fig. 1) is
a dual arm robot, where each arm has 7 DoFs. The robot
has one additional DoF at its torso, which can rotate by
180o degrees in each direction. This capability allows
the robot to reach all twelve bins of the Kiva shelving
unit with both arms.
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Fig. 1: Setup evaluated for warehouse picking.

The following alternative end-effectors are tested: a)
a RightHand Robotics ReFlex TakkTile Hand and a few
custom-built grippers, b) a vacuum gripper designed
together with UniGripper using their suction technology,
which has 1 wrist-like DOF, c) an alternative 1-DOF
vacuum gripper using suction cups, d) a high-flow 1-
DOF vacuum gripper and e) a hybrid parallel/vacuum
gripper that also utilizes UniGripper’s technology.

A. The ReFlex TakkTile Hand

The “ReFlex” hand1, shown in Fig. 2(a), is the com-
mercial successor to the i-HY hand, which was used in
the DARPA Autonomous Robotic Manipulation Chal-
lenge [5]. It is an underactuated 3-finger hand designed
to be simple, inexpensive and durable. The hand has
2 fingers and an opposable thumb, each of which are
interchangeable and are comprised of a proximal and a
distal segment. Underactuation allows easier modeling
in simulation and grasp planning [6], but if in-hand
manipulation [7] is required, then a complex hand-
shaped end-effector should be used.

1http://www.labs.righthandrobotics.com/reflex-hand-1



Fig. 2: Gripper comparison - from left to right: (a) The ReFlex Hand, (b) Unigripper solution, (c) Unigripper
solution with suction cups, (d) Hybrid Unigripper end-effector, (e) Custom high-flow vacuum gripper

B. The Custom-made Unigripper End-Effector

The Unigripper end-effector (Fig. 2(b) was designed
by the authors in collaboration with Unigripper2. Its
design was guided by the restrictions associated with
handling objects inside shelves.

The end-effector ends in a planar surface, which uses
Unigripper’s technology that allows for grasps even
when only part of the vacuum openings are covered.
A vacuum sponge attached to the surface allows for
grasping non-planar objects. Experiments revealed that
the gripper was a bit too large and could not handle
some of the heavier objects. It worked better when
objects could be picked up from above as the presence of
vacuum foam required the gripper to be pressed against
the object.

The custom alternative to the Unigripper end-effector
(Fig. 2(c)) uses most of the same hardware but replaces
the planar surface with a smaller 3D printed air mani-
fold with two suction cups. It is considerably smaller,
which makes planning easier and can grasp light objects
without toppling. The design features two suction cups
since the redundancy helps with heavier objects.

2A Swedish company specialized in vacuum grippers for the pack-
ing and automation industry: http://www.unigripper.com.

C. The Unigripper Hybrid Gripper

The hybrid gripper (Fig. 2(d)) was designed in col-
laboration with Unigripper. It combines a long fingered
parallel gripper and Unigripper’s patented vacuum tech-
nology on the flat side of one of the finger. A vacuum
suction cup was later added to the tip as well. The goal
was to explore the benefits of having a gripper that
combines several grippers into one.

D. Custom High-flow Vacuum Gripper

Another in-house designed and built vacuum gripper
(Fig. 2(e)), uses a low-vacuum, high-flow vacuum source
(a powerful vacuum cleaner). It is constructed out of 3D
printed plastic and laser-cut plywood materials for low
weight and rapid prototyping. It has a long arm which
allows it to reach deep into the shelving unit and also a
wrist 1-DOF, similar to the Unigripper end-effector.

During the Amazon Robotics Challenge it became
apparent that systems using a low-vacuum, high-flow
vacuum source often outperform the high-vacuum, low-
flow solutions common in industry. This became quite
obvious in the cases when trying to pick porous and
non-planar objects.



E. Vacuum Sources

Two types of vacuum are considered:
1) Air ejectors, driven by a 2 hp air compressor –

High Vacuum (-75kPa) / Low Flow: This setup is one
of the most commonly used ways to produce vacuum
and highly popular in industry. Its biggest advantage is
the ability to produce very large lifting, which enables
grasping heavy items, assuming a good seal can be made
between the suction cup and object surface. The low
flow requirements also allow for the use of small suction
cups, which is important in space-constrained environ-
ments. The main shortcoming of the high-vacuum setup
is its inability to deal with anything but minor vacuum
leaks, which is the reason it just fails for porous, rough
and non-planar surfaces. The hardware is also expensive
and relatively complex, requiring an air compressor, air
ejectors, air valves, etc.

2) Vacuum cleaner – Low Vacuum (-12kPa) / High
Flow: The results from the Amazon Robotics Challenge
proved that a low-vacuum high-airflow vacuum source,
such as a vacuum cleaner was capable of producing
results similar and in some cases better than the more
commonly used industry, high-vacuum low-airflow solu-
tions. The biggest advantage of the high-flow solutions
is in their ability to pick up items securely, despite
large vacuum leaks which can be quite common in a
warehouse picking setting. Vacuum leaks are common
and sometimes impossible to avoid. They can be due
to the nature of the item’s material and it’s inability to
hold vacuum (e.g. cloth), the item’s geometry making
it impossible for the suction cup to form a good seal
or simply imperfect positioning of the suction cup (e.g.
partial seal). In many cases, low-flow vacuum solutions
fail as the leaks are too large and vacuum cannot
be maintained. The hardware setup is also relatively
inexpensive, requiring just a vacuum cleaner and a relay.

The biggest limitation of high-flow vacuum is that the
maximum lifting force produced is lower compared to
low-flow vacuum and a larger suction cup is required.

III. SYSTEM INTEGRATION

A. Software Architecture

In order to evaluate the different end-effectors, it
was necessarily to setup a software infrastructure that
can easily to changes in hardware. Figure 3 provides
the experimental result of the comparison between the
ReFlex hand and the Unigripper end-effector for the
corresponding software architecture. To perform this
evaluation, the planning software is divided in 3 layers.

• The lower layer contains necessary definitions and
planning primitives such as the manipulator’s kine-

matics, required geometries, obstacle definitions,
roadmap queries, graph search algorithms and gen-
eral end-effector definitions. This provides the re-
quired modularity that enables changes i (i.e. differ-
ent end-effectors, different motion planning tech-
niques) without having to reimplement the entire
pipeline.

• The middle layer consists of manipulation task
planners that have the ability to combine planning
primitives provided by the lower level into com-
plete plans that satisfy a specific simple task like
pick, place, move, transfer and release.

• The top layer consist of a planning application that
can create queries and send them to the middle
layer, combine the resulting plans and then propa-
gate them to the manipulator.

The system is simulation driven, i.e., a simulation pro-
cess is employed, which has the ability to request from
the planning application to complete specific high-level
tasks. The communication between the simulation and
planning applications is achieved through the Robotic
Operating System (ROS).

The layered structure described above allows to mod-
ify the behavior of the system easily. For example,
consider the case of needing to rearrange objects inside
the shelving unit to gain access to the target object
specified by the work order: instead of having to define
the whole sequence of low level actions needed to
perform this task, one needs to implement the high level
sequence of actions in the simulation application.

B. Perception

To assist work in pose estimation, the Rutgers team
generated a dataset including RGB-D data for all the
ARC objects [15]. Originally, the solution considered
by the authors corresponded to SimTrack [16], i.e., a
pose estimation and tracking software that keeps track
of the relative pose between the camera and the objects
using predefined visual features. The longer the camera
observes the object, the accuracy of the pose estimation
increases. In order to get a good pose estimation for a
target object, trajectories were recorded that moved the
camera slowly in front of each bin. This procedure was
a bottleneck and instead a perception solution [17] using
Regions with Convolutional Neural Network (R-CNN)
was developed. This faster approach uses 4 pre-defined
camera placements in front of each bin allowing esti-
mations even for partially occluded objects. An RGB-D
image is captured at each camera placement and sent to
the perception pipeline. After an initial pose estimation,
physics are applied to the object in simulation in order
to correct the pose estimated.



Fig. 3: Experimental comparison between the Unigripper end-effector and the “ReFlex” hand

C. Simulation

A simulation application has the role of the coor-
dinator and is responsible for communicating with the
rest of the system components. Initially the manipula-
tor, the Kiva shelving unit and the objects are loaded
into the simulation. Precomputed roadmaps storing arm
trajectories are deserialized and the work order file is
loaded. Internally a high level automaton is utilized
to keep track of the current task as well as invoke
the corresponding procedure when required. The states
of the automaton correspond to high level concepts
like move to initial position, move to sensing position,
sense, pick and place etc. Each of these states make
the appropriate calls to the corresponding component.
For example, the state move to sensing position will
request from the associated planning application a plan
that will move the manipulator from its current position
to one of the pre-defined camera placements, while sense
will send the collected RGB-D images to the perception
pipeline, will wait for the pose estimation and finally
will update the object’s pose in simulation to agree with
the estimated one.

D. Motion Planning

ARC teams have been using a variety of approaches
for motion planning like “MoveIt!” [18], “OpenRave”
[20], “Drake” [19], and “trajopt” [21]. The Rutgers team
used an in-house built planning software [22], [23].

The goal is to come up with a motion plan that brings
the end-effector to the current pose of the object, grasp
it and then transfer it to the target pose. The final motion
plan consists of 7 components:

The Transit plan brings the manipulator from the ini-
tial state to the connection state using a PRM* roadmap,
which was created off-line. The connection state is a

state that belongs to the roadmap and at the same time
is at close proximity to the target object.

The Transit Connection plan brings the manipulator
from the connection state to the retraction state. The
retraction state is a state in the proximity of the target
object but not on the roadmap. IK-based local planning
is used to steer the end-effector to the retraction state.

The Reaching plan brings the manipulator from the
retraction state to the surface of the object through
Jacobian-based computation of velocity kinematics.

Secure grasp plan: A real-world grasp might fail due
to pose estimation errors. So, a push control is added to
the direction the end-effector is facing. This plan is also
computed by using Jacobian-based velocity kinematics.

The Retracting plan brings the manipulator with the
object to the retraction state. This plan is the reverse
of the Reaching plan. This procedure brings the end-
effector and the object away from the static or non-static
geometries, simplifying the planning process from there
to the object’s target pose.

The Transfer Connection plan attempts to bring
the manipulator back to a node on the PRM* roadmap.
From there, it is possible to plan and bring the object
to its target pose. To compute this plan, IK-based local
planning and interpolation at the joint space is used.

The Transfer plan brings the end-effector with the
object to the target pose through the roadmap. The
plan is lazily collision checked to ensure there are no
collisions with other objects.

E. Grasp Planning

Many methods have been proposed, both on-line and
off-line [24], [25], [26], to generate grasps given an end-
effector and an object pose. The initial approach was
to generate offline grasping databases using “GraspIt!”



Fig. 4: Motion Planning Pipeline

[27] for each object. Because of the high volume of
manual work required, the current system uses an on-
line approach to get valid grasps that are dependent on
the object pose during the execution of each experiment
and invoke motion planning algorithms to move the
end-effector to one of those valid grasps. A grasp is
classified as valid if there exists a collision free IK-
solution for the whole manipulator, such that the end-
effector can be attached to the object’s surface without
colliding with the obstacle geometries around the object
(i.e. Kiva shelving unit, other objects). After estimating
the object’s pose, the process is to:

• Create a set of feasible grasps in simulation by
moving the end-effector’s geometry, without the
rest of the manipulator’s arm, on the target object’s
graspable surfaces and rejecting the grasps with
insufficient overlaps between the 2 geometries. The
sampling process is guided towards the surfaces
that are not hidden or away from the manipulator.

• For each of the sampled grasps, “TRAC-IK” [28] is
used to find collision-free IK solutions for the arm.
If an IK-solution is found that is collision-free, the
grasp is marked as valid.

• For each of the valid grasps motion planning is
invoked to provide a plan that moves the end-
effector to the grasping pose. If motion planning
succeeds in providing a collision-free plan, the
procedure is repeated for placing the object in a
specific target pose (i.e. order bin).

IV. DISCUSSION

The basic system described here is based on tradi-
tional manipulation planning where the world model is
defined in detail. It allows to evaluate the characteristics
of different end-effector modalities as described in this

report. At the same time, however, there is room for im-
provement in terms of accuracy and time complexity if
feedback planning or visual survoing [29] are employed.
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