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Abstract— Our team participated in the 2015 picking chal-
lenge with a 7DOF Barrett WAM arm and hand. Our robot
was placed on a fixed base and had difficulty reaching and
grasping objects deep inside the shelve bins. Given limited
resources we come up with a simple design, a custom-made
mechanism to bring objects to the edge of the shelve bins.
During trials we explored both image-based visual servoing
and Kinect RGBD vision. The former, while precise, relied on
fragile video tracking. The final system used open-loop RGBD
vision and readily available open-source tools. In this article
we log our strategy and the lessons we have learned.

I. INTRODUCTION

The Amazon challenge involves solving a real world pick-
and-place problem with state of the art hardware, software,
and algorithms. Furthermore, the challenge forced robotics
researchers to provide a portable solution that should work
reliably in a different place from their lab environment.

The picking challenge required teams to pick out specific
items from a shelf and to place those items into a container.
While the objects that would be present for the challenge
were known beforehand, the specific objects to be grasped
at the competition were given at the start of the marked trial.
To complete the task, the autonomous robotic system must
fulfill a work order that specifies objects to grasp from a
specific bin. To do so the system has to identify and locate the
requested objects from the bin. Then, execute autonomously
a planning and manipulation strategy to grasp the objects
and put it in a container without disturbing the environment
(e.g., hitting the shelf, damaging other objects inside the
bin, picking up wrong objects). There were 26 international
teams in the competition with diverse approaches. In our
approach we developed our solution based on the available
robot hardware (7DOF WAM arm with Barrett’s hand) in
our research lab. We identified the following challenges:

• Although our WAM arm has a large work-space (spher-
ical work-space of approximately 2 meters in diameter)
it couldn’t reach the inside of each bin on the shelf, thus
it was only capable of grasping objects in the front face
of the shelf.

• In the few bins that the arm was able to reach inside, the
Barrett hand was too big to be actuated while inside the
bin, this was commonly identified by many teams [1],
[2].

To address these problems, we thought of different solu-
tions such as adding a mobile base to the robot or adding an
extension to the robot arm to reach inside of the bins.
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Fig. 1. The UAlberta team during their competition trial.

After receiving the application equipment (Amazon shelf
and objects) we tested the robot reaching capacity, and we
noticed that our robot is able to reach the external face of
all bins, but the robot arm is not long enough to reach inside
them. The bin dimensions are 21×28×43 cm. Knowing that
we are not using a mobile base, we had to either increase the
reachability of our arm or guarantee that the target object is
always going to be in the graspable reaching region of the
arm, i.e., close to the border of the bin face and centered.

Through our design process we quickly prototyped and
iterated on our approach. We began using a binocular RGB
camera setup and applying uncalibrated image based visual
servoing (IBVS) for the robot control [3]; the precision
obtained with this method was high compared to RGB-D
methods, however the control algorithm relied heavily in ob-
ject tracking, making they system unstable and unreliable [4].
Then, we decided to include an RGB-D sensor using the
point cloud data we based our main object localization by
clustering based on euclidean distance. Unfortunately, the
bottom part of the shelf has a shiny surface that the depth
sensor failed to sense correctly. In our final competition
system our robot was instrumented with two eye in hand
cameras, a LiDAR and a custom made object push-pull
mechanism. Based on the initial challenge description, our
first experimental iterations and our available hardware and
resources we designed the following strategy.

II. STRATEGY

This section describes our grasping strategy. Due to phys-
ical limitation of our arm/gripper and also to simplify our
grasping strategy, we divide each bin into three regions: (1)
graspable region, (2) side regions and (3) back region as
shown in Fig. 2. Our gripper is only able to pick an object



if it is in region (1). Assuming that the bin number and the
object to pick from that bin is given, the goal is for the robot
to go to the bin, locate the object, and if it is in the back
region or side regions, bring it to the centre region first and
then grasp it and finally place it inside a container.

Fig. 2. Bin volume divided in regions of operation. (1) graspable region.
(2) Side regions. (3) Back region

A. Pulling-Pushing Mechanism
To provide our robot with the capacity of reaching inside

the bin, and relocate the target object into the grasping re-
gion. We designed a linear actuator with two design require-
ments. 1) It has to be able to reach the end of the bins from
the outside of the bin face, i.e., have the capacity to elongate
and retract approx. 45cm. and when it is retracted not occupy
more than 9 cm (this is the space that can be used on top
of the robot wrist without affecting the robot movement)
2) Capability of supporting collisions without damaging the
robot arm or the environment. To fulfill these requirements
we designed the pulling pushing mechanism shown in Fig. 3
and 7. These type of mechanisms have been used before
in early satellite technology, due to frequency limitations
antennas of 45m where required, but before deployment
these antennas had to fit into a 1 meter diameter satellite.
We designed a simple roller based mechanism that pulls a
metallic measuring tape that is used as a linear actuator. With
this mechanism we have the capacity of pulling, pushing and
relocating objects from regions two and three to region one
(see Fig. 2). During our testing we also determined that we
were able to push and pull weights up to about 1 kg which
was well within our requirements.

Fig. 3. Overview of our instrumented robot hand and arm.

Fig. 4. State Diagram.

III. SYSTEM DESCRIPTION

A state diagram of our system is shown in Fig. 4. In state
1 the system reads in a work order from a provided JSON
file and prioritizes the picking order of the bins based on
the particular object difficulty and our confidence of a grasp
success given the object distribution and bin placement.
Then, in state 2 the robot moves to the target bin and runs
the detection algorithm. For this algorithm we pre-processed
all objects for a total of 15,000 training images generated
by applying multiple transformations to augment the size of
our dataset. This is used to train 25 support vector machine
classifiers (SVMs), used in a 1 vs rest configuration. Our
algorithm uses a sliding window and selects the point where
the confidence of the target object is highest using the SVMs.
An example is shown in Fig. 5, where the selected object is
the “kong duck dog toy” (Fig. 5-C). The end-effector of the
arm is moved in a way that the camera (located at the palm
of the gripper) is facing the desired bin (Fig. 5-B). Then,
the object detection algorithm identifies the object and its
location in the 2D image. The green dot in Fig. 5-C shows
position of the sliding window at which the confidence of
having detected the duck is the highest. The output of the
Object Detection Algorithm is the location of the duck in the
2D image, and the depth of the object is not known. To this
end, we run the Depth Check routine, which is composed
of a sequence of motions of the arm so that the 2D-LiDAR
sensor is facing the target object (duck) in the desired bin
(see Fig 6-A). The depth of the object is computed based on
the output of the LiDAR scanner (Fig 6-B shows an overhead
view of the occlusions within the bin).

Next, depending on the current region occupancy of the
object, state 3 (pulling routine), 4 (centering routine) or 5
(grasping routine) is reach. Below is a description of each
of theses states.

A. Pulling Routine

Once the location and the depth of the object are obtained,
we check if the object is in region (3), a pulling routine
is activated in which our in-house device pulls the object
closer to the front face of the bin. The pull/push mechanism
is shown in Fig. 3 and uses a spring loaded measuring tape
with a servo motor to extend the measuring tape into the bin.
We extended the end of the tape with a small lightweight



Fig. 5. Sample object detection. In this case the system attempts to identify
and locate the yellow duck. As seen by the colored dots in C) a grasping
location is found from the sliding window.

Fig. 6. Depth Check. A. Using a LiDAR our system finds the depth location
in the bin of the target object. B. top-down view of the points seen by the
LiDAR.

plate that we use too hook behind objects when performing
the pull.

When the pulling routine is activated, the robot end-
effector is located in a way that the measuring tape is above
the object. We then extend the tape into the bin, lower the
arm, and retract the tape. Given that the overall dimensions
of the objects was known we performed the pulling action
in a safe way to avoid dropping the objects. Figure 7 shows
the robot performing this pulling action.

Fig. 7. Illustration of pulling routine. A) the system extend the linear
actuator to pull the yellow duck from region 3 to region 1. B) Eye-in-hand
view during pulling execution.

B. Centering Routine

Due to the irregularity of the objects and also complex
nature of the pulling mechanism, it is possible that the object

ends-up in one of the side regions. Therefore, we check the
location of the object again and in the case that it is not
centred, we will activate an object centring Routine, where
the measuring tape is extended on the edge of the bin. We
then use it as a lever to shift the object to the center of the
bin. Figure 8 illustrates this routine.

Fig. 8. Illustration of centering routine.

C. Grasping Routine

Once the object is in the central region, it is within the
reach of the gripper and the robot can grasp it. For the
grasping, we use: (i) pinching mode (with 2 fingers) and
(ii) 3 finger grasping mode. The second mode is used for
boxed-shaped/heavier items. These two modes are shown in
Fig. 9.

Fig. 9. Depending on the object size and mechanical properties, two
different grasp modes can be used. A. Pinch grasp. B. Full finger grasp.

Once grasped the end effector was moved up and away
from the bin to prevent grasps instability by hitting the edges
of the bin. Once the object was fully outside of the shelves



bin we placed it in the target bin. A complete execution of
our system can be seen in [5].

IV. CONCLUSIONS

While working on this challenge we were able to take our
robotics experience and applied it to a real world problem.
We developed most of our system during our personal time
and with a budget of $500 dollars and access to our robot
system and sensors.

The main lesson we gained was that in real life scenarios
the best way to validate results is through experimental
iterations. It is easy to overthink and stipulate about what will
work, but when it comes to putting things into practice many
unforeseen challenges arise. Iterating quickly and breaking
things along the way (within reason) allowed us to quickly
identify what the failure modes of our system were and
gave us ideas as to how we should address them. Design,
integration and deployment of a practical robotic system
like the one used for the amazon picking challenge is hard.
Making the system reliable is even harder. This is something
that roboticists have to consider more seriously if we want
to see the robots in human environments.
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