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ABSTRACT

Today a big research and innovation effort is devoted to
automatize the picking of different objects with a unique
flexible robot. Picking tasks are characterized by high vari-
ability of object size and shape, a priori unknown object
pose and not perfectly known environment. Our key idea
is to introduce elasticity in the robot design to confer it
adaptivity to deal with different objects and robustness to
be effective in unstructured environments. We achieved this
by employing Variable Stiffness Actuators and the Pisa/IIT
SoftHand to realize a robot that took part in the Amazon
Picking Challenge.

I. INTRODUCTION

More and more frequently typical factory operations are
entrusted to robots. Repetitive tasks like heavy lifting, man-
agement of dangerous items, and welding are some of the
examples of tasks that robots can currently assolve.

Nevertheless, some processes still require cognitive and
perception abilities that only human operators can provide.

Picking operations are examples of tasks that are not
yet automatized. These present several challenges like high
variability of object size and shape, unknown object pose,
imperfect knowledge of mechanical and geometric model of
the object, and the unstructured environment in which the
operations have to be carried out.

Picking automation can have a huge impact on the logistic
industry. In order to push the effort of researchers towards
solving the challenges of autonomous picking, in 2014
Amazon.com called for the first Amazon Picking Challenge
(APC), which took place in Seattle (WA) at ICRA15.

In the APC a set of 24 products, Fig.5(d), were distributed
among 12 bins, each bin had one target item to be picked.
Each item picking was assigned a score, depending on: i)
how many other items were in the bin, ii) picking difficulty
coefficient, ii) item damaging during the operation. During
the challenge every team had 20 minutes to pick as many of
the 12 target items as possibile.

In this work we describe the hardware and the control
framework of the robot that has been developed to participate
to the APC. The key element of our robotic solution is
the employment of soft robotic devices that embed elastic
elements in their design.
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Fig. 1: Robot at the APC challenge.

Two main branches exist in soft robotics research. The
first takes its inspiration largely from invertebrates and builds
robots with continuously flexible materials.

The other branch is inspired more by the vertebrate
musculoskeletal system, and it aims to build robots in which
compliance is concentrated mostly in the robot joints. These
robots are referred to as articulated soft robots or flexible-
joint robots [1].

In the robot we present (see Fig. 1) soft joints has been
used to realize the wrist and a the end-effector. The wrist is
composed of Variable Stiffness Actuators (VSA) [2] and the
gripper is a Pisa/IIT SoftHand [3].

These confer to the robot the capability to safely operate
in unstructured and constrained environment, and the ability
to grasp object with different size and shape with the same
end-effector.

The VSA wrist is moved by a three degrees-of-freedom
(DoFs) cartesian robot. On top of the wrist a 3D camera is
attached. The point cloud sensed by the camera is processed
in order to obtain the pose of the object; these information
are sent to a motion planner that generates a sequence of
operations to accomplish the grasp.

II. HARDWARE

The end effector of the robot is the Pisa/IIT SoftHand,
Fig. 2(b): a synergistically underactuated anthropomorphic
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Fig. 2: (a) - qbmove VSA motors, (b) - Pisa/IIT SoftHand

hand with 19 DoFs and one single motor. The joints of the
Pisa/IIT SoftHand are not conventional revolute joints but
rolling joints composed of two elements that are kept in
the natural position by two elastic elements. Because of its
design the Pisa/IIT SoftHand is robust to heavy interactions
with the environment and its pose mechanically adapts to
grasp different objects without neither changing the control
policy of the single actuator, nor relying on complex sensors.

The robot is composed of two main subsystems: a wrist
powered by three revolute VSAs,Fig. 2(a), and a cartesian
three-DoF robot.

This choice was motivated by the fact that only the wrist
joints directly interact with the environment, thus for them
the robustness is a hard constraint, hence the presence of
elasticity is maximally important. On the other hand the
three joints of the cartesian subsystem were powered by a
conventional yet simpler actuation.

The wrist kinematic configuration was chosen to limit the
maximum torque acting on the actuators. We chose the serial
configuration: Yaw, Roll and Pitch as depicted in Fig. 3.

We used Maxon DC 24V motors at the beginning of
the chain and a gravity compensation mechanism along the
vertical axis.

Fig. 3: Wrist kinematics. From right to left: Yaw, Roll and
Pitch.

In order to improve grasp effectiveness with bigger objects
and to extend gripper grasp range, we decided to add an
electric piston under the VSAs chain. This tool allowed us
to hold objects during grasp and to reach grasp in a more
robust way then only using Pisa/IIT SoftHand.

A perception system is required to get information about
surrounding scene and for objects recognition.

The robot features an Asus XtionPro as 3D vision stereo
camera, depicted in Fig. 4, that provides a point cloud
together with the RGB information.

Fig. 4: Asus XtionPro 3D camera.

We decided to
mount camera di-
rectly on the robot
wrist to limit po-
tential vision occlu-
sion.

III. PERCEPTION

One of the crucial points about picking operation is the
perception system. In the state of art a lot of different
methods are proposed to recognize a specific object in the
scene, using 2D or 3D camera. In our work we needed to get
information about position, orientation and other properties
of an item so we chose a 3D camera device.

The key idea is to match every point cloud found on the
scene with a database of previosly known point clouds, the
best fit will be the object you look for.

The achievement of this technique requires to store a
number of point clouds for each object, these data should
be a thorough representation of the real object, and, in
the meantime, avoid oversample. Another fundamental role
is played by acquisition stage, to acquire coherent and
meaningful data is essential in order to obtain good pose
estimations.

We decided to store 36 point clouds for each object in
the database, we used a rotating table for acquiring object
poses; it is composed by a servo-motor, an encoder and an
electronic control board. A plate is connected to the shaft
of the motor which can rotate onto itself by 360 degrees in
both directions, while it rotates the position is tracked by the
encoder that measures the angular displacement. Before we
stored a point cloud in the database the object is isolated from
the table and its position is expressed in the robot reference
system (see Fig. 5(b)).
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Fig. 5: (a) - Sample on an acquired image, (b) - Camera
trasformation, (c) - Sample image acquired, (d) - Set of
objects.

The core of the object recognition algorithm is the Iterative
Closest Point (ICP) method, it is a common and robust
approach to match two point clouds, but it is also onerous



in time, so some previous filters are applied to select only a
bunch of possible vectors inside the database.

When a new scene is acquired, a segmentation algorithm
removes all the outiliers and isolates the single objects from
the image, after these actions the resultant query point cloud
is passed to ICP; at the end of the process the point cloud
that best fits the requirements is the target.

IV. MOTION PLANNING AND CONTROL

A. Motion Planner

Although a lot of motion planners are already present
in literature we decided to write our own motion planner,
because most of existing planning algorithms look at Envi-
ronmental Constrains (EC), as obstacles and avoid them.

Our soft approach to grasping, in part inspired by human
grasping and manipulation skills, tries to exploit EC to
facilitate and make robust the grasping process.

Note that this approach is allowed by the intrinsic softness
of out hardware and would be unfeasible otherwise.

Fig. 6: Motion Planning flowchart.

A schematic of the functioning of our control system
is shown in Fig.6. The system is divided in four main
blocks: grasping strategies, requested movements, trajectory
generator and control loop.

The Grasp strategies and the Requested movements blocks
are the main contributors and, together, they furnish the
inputs for generating the planning.

We codify a motion plan through configuration state
vectors, each of them brings several information about each
single operation. When a full sequence of configurations is
complete the Trajectory Generator interpolates all states and
executes the developed trajectory, thanks to the Control loop
block which implements PID controller on the VSA.

B. Grasping strategies

As discussed early, the Pisa/IIT SoftHand is based on
synergies and although the device has a great grasp potential
and is intrinsically smiple application, it brings also some
issues about grasp approaching.

Classic grasp methods analyze shape and dimensions of
the object to extrapolate a set of minimum points which

give the best grasp, but that process is very complex and,
depending from situation, it can be onerous in time. In
order to exploit soft robotics properties we designed a grasp
strategy composed by relative movements which exploit the
EC in scene.

Moreover, camera retrieves measurements with some un-
certainty, thus we have a blurred knowledge of object
position and attitude. The Pisa/IIT SoftHand, in a lot of
situations, permits to fill this gap through adaptability; and
thanks to its robustness which allows the hand to defomr
without damaging itself or external elements. We use this
ability in several situations:

• to take an object in the scene exploiting EC
• to compensate uncertainties on object position and

attitude
• to isolate a desired item from other

C. Hand-in-hand experiments

In the first stage of our investigation we approached the
problem thanks to a specific inteface device called Handle,
when we wear the Handle we can substitute our hand with
the Pisa/IIT SoftHand, fixing it on user arm and, through a
lever, we can modulate its closure.

We split the environment in three sectors, to better inves-
tigate every possible positions and attitude depending on the
zone. In fact, every bin has a specific size and the Pisa/IIT
SoftHand can not operate without constraint, e.g. when an
item is located along a side we can not use all possible
orientation.

(a) (b)

Fig. 7: (a) - Pick an object from Left Side , (b) - Pick an
object from Center.

All data were collected in a database which afterward we
used to implement grasp strategies.

D. Grasp strategies Classification

Observing repetitions of experiments we noted that some
features of the approach were more frequent, for example
final gripper positions, orientations and wrist angle; under
this point of view we proposed a classification which gather
all experimented grasp in macro groups depending on these
properties.

At the end of the classication process we proposed a total
of sixteen classes, depicted in Fig. 8, each of them is used
in the most suitable situation.

E. Reference generator

We adopt a Sigmoid-based approach (1) to interpolate two
adjacent state vectors.



Fig. 8: Grasp Strategies implemented.

The interpolation respects constraints on terminal time and
position with a sigmoid-like shape of the joint position w.r.t.
time.

yi(k) = yi(k0) +
ei(k0)

1 + exp−0.3σ(k)
, ∀i ∈ {1→ 6} (1a)

σ(k) = −15 + 30k

max(e)
v̂ (1b)

Where e ∈ <6 is the position error vector of each motor,
y ∈ <6 is the current reference for each motor, [k0, k] is the
window of time, ∆t is the time step and v̂ is the desired
velocity.

A specific coefficent, inside state vector, represents per-
centage of closure rate of Pisa/IIT SoftHand, admissible
values are in [0, 1],

V. CONCLUSIONS AND LESSON LEARNED

In this work, we proposed a novel approach, based on Soft
Robotics, to face up the automatic picking of objects with
a great variety of shapes in not structured and constrained
environments. Key elements of the robot that tackled the
APC are: the Pisa/IIT SoftHand, a robust and adaptive
antropomorphic end-effector; and the qbmoves, VSA modu-
lar actuators used to realize the robot wrist.

The planning and control architecture leverages upon
grasp strategies resulting by experiments with a human pilot
grasping objects with the Pisa/IIT Soft Hand. The grasp
strategies were cathegorized in three groups depending on
the position of the object inside the bin.

A perception system was used to perform an object
recognition and localization process. On the basis of the
outputs of the perception system, namely type of object and
its position, a suitable grasp strategy is triggered.

Our experiments reveal good performance on grasping
of single obects, also with wide uncertainties on object’s
position and orientation, thanks to the adattibility property
inherent of the robot (see [4]).

When items are grouped the grasping rate of success
substantially decreases because it is necessary push away
the other objects to clear the scene and this operation
is not easily automatable. Moreover we observed that the
perception sytem is strongly affected from brightness and it
lacks of accuracy when surrounding conditions change.

A video of the robot during the challenge is available on
[5].
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Fig. 9: (a) - Example of picking an object with Pisa/IIT
SoftHand , (b) - Example of picking an object with piston.
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