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Abstract— In this work we summarize the solution developed
by Team KTH for the Amazon Picking Challenge 2016 in
Leipzig, Germany. The competition simulated a warehouse
automation scenario and it was divided into two tasks: a picking
task where a robot picks items from a shelf and places them
in a tote and a stowing task which is the inverse task where
the robot picks items from a tote and places them in a shelf.
We describe our approach to the problem starting from a high
level overview of our system and later delving into details of
our perception pipeline and our strategy for manipulation and
grasping. The solution was implemented using a Baxter robot
equipped with additional sensors.

I. INTRODUCTION

Throughout the last decades automation has dramatically
increased the efficiency of warehouses: complex conveyor
belt distribution systems, computer vision and robotics are
the norm in today’s industry. However, there are still sig-
nificant limitations in today’s automation systems which
constrain parts of the ’warehousing’ task to be carried out
by human operators. A clear example of this is the final
packaging and handling of consumer goods in an Amazon
warehouse since state of the art robotic grasping and vision
technologies are not yet mature enough to cope with such a
vast variety of products. For this reason Amazon created the
Amazon Picking Challenge (APC)1 which tasks competitors
with solving a simplified version of the general robot bin
picking problem considering a limited set of objects. The
APC 2016 setup consisted of a shelf with 12 bins and a
red tote were items can be stored as shown in Fig. 1. The
participant teams were required to solve two different tasks:

• Picking: pick a selection of objects from a shelf and
place them into a tote. Amazon specified which items
were to be picked by the robot and from which bin of
the shelf.

• Stowing: execute the reverse process, i.e., pick objects
from a tote and put them in different shelf bins. The
goal was to empty the contents of the tote.

Teams were scored according to the number of objects
successfully picked/stowed. Furthermore, picking incorrect
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Fig. 1: Team KTH’s Baxter robot at the Amazon Picking Challenge 2016
in Leipzig, Germany.

objects or damaging them incurred a penalty. At the begin-
ning of each trial, the competition organizers would slightly
shift the position of the shelf in order to prevent teams from
relying on precalibrated robot setups. In contrast with the
APC 2015 the number of objects increased from 24 to 39.

Team KTH participated in the APC 2016 with the Baxter
robot shown in Fig. 1. Baxter is a dual arm robot with 7
DOF per arm which can be equipped with either suction
gripping devices or parallel jaw grippers. We placed the tote
in between the robot and the shelf in order to be able to
reach both locations. Furthermore, we fixed the distance to
the shelf so that the robot could reach it without hampering
its manipulability. We complemented Baxter’s hardware with
three Kinect v2 cameras: one attached to the Baxter’s lower
waist in order to detect objects in the lower bins of the shelf
and estimate the pose of the shelf itself while two of the
cameras were attached on a frame above Baxter, one facing
down towards the tote and one facing towards the upper bins
of the shelf. Additionally, we attached two RGB IDS cameras
on the wrists of the robot for taking close looks at specific
shelf bins or at the tote. We also attached extensions to the
suction cups of Baxter in order to improve the reachability
of the robot inside the shelf.

In this paper we first provide an overview of our system
and its high level execution. Then, we describe our per-
ception and manipulation pipelines and discuss some of the
limitations of our system and potential directions for future
improvements.



II. SYSTEM OVERVIEW AND HIGH LEVEL LOGIC

We implemented the high level logic of our system through
a Behavior Tree (BT) framework [1] as shown in Fig. 2. The
BT provides the coordination between our perception and
manipulation components. The perception and manipulation
pipelines themselves are subdivided into smaller compo-
nents (actions) and they are implemented through the ROS
actionlib protocol. Action goals are managed by the BT,
enabling independent development of the logic and actions.
Two different strategies were developed for the picking and
stowing tasks. The strategies have in common the notion
of prioritizing certain perception methods to attempt faster
detection of objects in the task description, only using more
robust (and slower) techniques once all the objects have been
searched for with the faster methods.

A. Stowing Strategy

The stowing strategy implements three layers of perception
methods in order to attempt to detect objects in the task
description. The system first attempts to detect objects using
the Kinect camera that is positioned looking straight down
at the tote. If this method does not succeed, the BT then
commands the robot arms to move to different positions
relative to the tote in order to detect objects using the wrist
mounted cameras.

Once an object is detected, the system chooses a target
bin in the shelf for its placement. This relies on both the
object type (bigger objects are pre-assigned to the biggest
shelf bins) and on the gripper type (some objects can be
grasped via suction, others require the parallel gripper): since
a single arm cannot cover all the shelf, the leftmost shelf
column is reserved for objects that can be only picked with
the left arm and the rightmost column for objects that can
only be picked with the right arm.

B. Picking Strategy

While picking, the target objects are distributed over the
multiple shelf bins. A similar three layered strategy for
detection is chosen, with the bin being defined by the task,
instead of chosen by the system. Here, the priority is given
to objects that can be picked with higher confidence.

Fig. 2: Schematic overview of the BT implementation

(a) Example of textured objects. (b) Example of untextured objects.

Fig. 3: Classification of APC’16 objects in our perception pipeline.

III. PERCEPTION

The perception component of the system is responsible
for estimating the pose of the shelf as well as detecting and
estimating the pose of target objects contained in the shelf
and tote from the robot’s visual sensory data.

A. Shelf pose estimation and tote calibration

As previously mentioned, in the APC 2016 it was neces-
sary to estimate the pose of the shelf given that the event
organizers would shift its position prior to each competition
trial. We use the a priori known 3D model of the shelf to
estimate its pose by detecting the distance and the planar
orientation of the two front legs of the shelf with respect to
the robot. The legs are identified from a planar slice of the
point-cloud generated by the Kinect mounted on the robot’s
chest, cut at a proper height.

We then use the 3D model of the shelf and the estimated
pose to build the collision scene representation for our
motion planning system, to select camera poses for observing
objects in the shelf bins and to filter RGBD data to improve
the performance of the perception process.

The tote is mechanically constrained to a fixed position
in front of the robot both in the picking and stowing tasks.
We precalibrated offline its pose relative to the robot through
the robot arms’ forward kinematics by positioning the two
end-effector tips at known positions on the tote.

B. Object Detection

The object detection relies on three different strategies
depending on the kind of object to be recognized and the
camera to be used. The objects are divided into two main
categories: textured and untextured. Fig. 3 shows examples
of these categories.

For the textured objects, the perception system uses mostly
simtrack [2] and a modified version of it, named simtect,
tailored to maximize the chances of detection in an image.

Both of these methods rely on computing the pose of an
object in an image using a set of 3D-2D correspondences. A
model database is first constructed offline: each object mesh
is rendered from a number of predefined orientations, and
SIFT [3] keypoints, along with the corresponding depth,
are accumulated in a 3D data structure. At runtime, for each
camera image, SIFT keypoints are extracted and matched
against the respective object 3D data structure (constructed
offline). The pose of the object is then computed from
the 3D-2D correspondences through a Levenberg-Marquardt
optimization step [4].

The main difference between simtrack and simtect lies in
the way correspondences are computed between a camera



Fig. 4: The perception servers and their sensor interfaces; a request from
the high-level planner is processed and, according to the object properties
and the selected sensor, it is forwarded to the proper perception sub-server.

frame and the object database. While simtrack matches
against the complete 3D data structure of a specific object
(consisting of SIFT keypoints accumulated from all the mesh
renderings), simtect matches the SIFT keypoints from each
mesh rendering individually. This results in a more expensive
method computationally, but increases the detection capabil-
ities of the system, especially for objects with very similar
textures on different sides.

For detecting untextured objects, the system relyes on an
different component that exploits the colored point-cloud
from the Kinect cameras. After an initial noise filtering stage,
it performs an RGBD Euclidian clustering on the filtered
input point-cloud. It then analyses the color and the shape
features on the isolated clusters to identify and classify the
target objects [5].

The perception component provides the position and ori-
entation of a selected target object and whether it is detected
or not. To interface with the high-level logic, this perception
component has been designes as a server, which accepts
requests from an actionlib client.

The requests carry information about the object to be
identified, which allows to select the proper 3D model used
by simtrack and simtect or the object features map used by
the RGBD server. Moreover, the request contains the location
in the shelf, to select and switch cameras to obtain a better
viewpoint. Finally, information about objects in the same
bin is also received, to avoid detection conflicts and identify
occlusions.

Once the perception server accepts a request, it redirects
the message to the most appropriate sub-server to detect the
target objects. The first sub-server is called simtect server,
which uses simtect to detect textured objects; since simtect is
slower than simtrack but has more chances of detection, it is
mainly used with the IDS cameras for closer looks at the bins
or at the tote. The second sub-serves is called texture server,
which uses simtrack to detect textured objects; since simtrack
is less computationally demanding than simtect, it is used in
an initial step for a quick scan of the whole shelf using the
images from the Kinect cameras. The last sub-server is called
RGBD server, and it uses the colored point-cloud from the
Kinect2 sensors to detect untextured objects.

The overall structure of the perception software is depicted
in Fig. 4.

IV. MOTION PLANNING, PICK & PLACE

The high-level logic system interacts with the robot plat-
form through three different parameterized manipulation
primitives, pick, place and move. These manipulation primi-
tives build upon the same motion planning procedures, which
are detailed in the following sections.

While the Baxter robot is a dual-arm system, we utilize
only one arm at a time, allowing us to treat each arm as an
independent system. While one arm is employed, the other
arm is positioned in a resting position. The decision on which
arm to employ, is made by the high-level logic and depends
on the location of the target object as well as the object’s
type. For the picking task, both arms use suction cups as
these maximize the chance of successful picking from inside
the shelf. In contrast, for the stowing task we equip only
one arm with a suction cup and the other with a parallel jaw
gripper. This enables us to also pick objects from the tote
that are not pickable with Baxter’s suction cups.

A. Motion Planning

We distinguish between arm motions performed outside
and inside of the shelf. While the exact pose of the shelf
is not known beforehand, it is guaranteed to lie within
some bounded workspace region relative to the robot. Hence,
motions outside of this region are performed in a static and
known environment, whereas motions close to or inside of
it need to be adapted online to the actual shelf pose.

1) Outside-shelf Motion Planning: For motion genera-
tion outside of the shelf, we rely on an offline computed
roadmap [6]. The nodes of this roadmap are manually defined
arm configurations that either place the end-effector in front
of the different shelf bins, on top of the tote or in a resting
position. For each shelf bin we select arm configurations
that achieve high manipulability [7], thus allowing the robot
to reach a large variety of desired end-effector poses inside
or close to the bin without moving the arm into signifi-
cantly different configurations. The edges of the roadmap
are computed offline using the RRT* algorithm [8] provided
by MoveIt [9].

An online motion planning query first connects the start
and goal configuration to the roadmap. For this, it utilizes
a local planner that first attempts to establish a connection
based on linear interpolation in configuration space. If this
fails either due to collisions or violation of joint limits, the
RRT* algorithm is used as fallback. If the start and goal
configuration are successfully connected, these new nodes
are premanently added to the roadmap. Thereafter, we apply
the A* graph search algorithm [10] to search for a shortest
path in the roadmap. The cost of a roadmap edge is the length
of the associated trajectory.

2) Inside-shelf Motion Planning: For motion generation
inside of the shelf, we rely on a heuristical approach. Rather
than applying a sampling-based motion planner, we restrict



Fig. 5: An illustration of the picking approach from the top. For a given
picking pose on the object surface, an approach pose and a pre-approach
pose are computed. The approach pose is computed such that a straight line
movement along the end-effector’s z-axis moves it to the picking pose. The
pre-approach pose is computed such that a straight line movement along the
reverted x-axis of the bin frame moves the the end-effector to the approach
pose.

motions to Cartesian straight line movements of the end-
effector. While this limits the robot’s ability to navigate
inside of the bins, it guarantees a well predictable behav-
ior. Before executing any such straight line movement, we
perform collision checks between the shelf and the robot to
avoid executing motions that collide with the shelf. Potential
collisions with any bin content are ignored.

B. Pick & Place

Since the pose of a target object is not known beforehand,
the system is required to select a picking pose online when
an estimate of the pose of the target is available. For this, our
system evaluates a set of potential picking poses to determine
a pose that is approachable without collisions. To approach
a picking pose, we combine multiple of the aforementioned
straight line movement, as illustrated in Fig. 5 for the case
of picking from the top.

The set of potential picking poses is object dependent.
We choose to encode this information for each object in-
dividually in the form of task space regions (TSRs) [11].
Here, a TSR describes a continuous set of end-effector poses
relative to an object’s frame, from which successful picking
is feasible. In case the object is to be picked by suction,
the TSRs describe the parts of the object surface to place
the suction cup on. In case the object is to be grasped with
the gripper, the TSRs describe grasping poses. In both cases,
the system randomly samples the TSRs for picking poses and
evaluates their feasibility for execution. If an approachable
picking pose is found, the system attempts to approach it and
pick the object. Finally, the picking success is determined
based on feedback provided by the suction cups or the
gripper closure.

The placement of objects inside of shelf bins or the tote
is performed in a similar manner. In both cases the end-
effector is moved to a manually defined pose relative to the
target bin/tote where the object is released.

V. CONCLUSIONS

We have presented here the integrated picking system of
team KTH for the APC 2016. We used a Baxter dual arm
robot with some hardware enhancements in order to better
suit the task.

The main limitations of our perception system came from
lack of detection of objects, specially when they were under
heavy occlusions or under poor lighting conditions, e.g.
when they were located near the back of the shelf bins.
Furthermore, our manipulation system was frequently unable
to find collision free motion plans inside for grasping inside
of the shelf bins. Thus, we propose some directions for
further improvement of our system:

• Kinematics and motion planning. One of the keys
to a successful picking robot is a kinematic structure
which is optimized for the task, which in turn minimizes
the workload on the motion planners. The Baxter’s
bulky arms and its kinematic configuration which is
mainly designed for picking of objects vertically from
the top made it difficult for our motion planners to find
collision-free paths inside of the bins.

• Perception. In order to improve the object detection
rate of our perception system we can explore state of
the art deep learning methods which proved robust to
lighting conditions for many teams at the APC 2016.

ACKNOWLEDGMENTS

This work has been supported by the Swedish Research
Council (VR), the Swedish Foundation for Strategic Re-
search (SSF), and the EU FP7 program. The authors grate-
fully acknowledge the support.

REFERENCES

[1] A. Marzinotto, M. Colledanchise, C. Smith, and P. Ögren, “Towards
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