
  

  

Abstract— We present the system we developed for picking and 
stowing items in an on-line shopping warehouse. We participated 
with this system in the Amazon Robotics Challenge 2017. The goal 
of the challenge is to automate pick and place operations in an 
Amazon fulfillment center. Our approach is based on a Baxter 
Research robot and a customized storage system. The system's 
modular architecture, based on ROS, allows communication 
between two computers, two Arduinos and the Baxter. It 
integrates 9 hardware components along with 10 different 
algorithms to accomplish the pick and stow tasks.  

I. INTRODUCTION 

Amazon’s automated warehouses are successfully removing 
the walking and searching for the shelves by means of robots 
that bring the shelving units to the picker. Automated picking 
from the shelves still remains a difficult challenge that is only 
performed by humans. The Amazon Robotics Challenge (ARC) 
aimed to automate the task of customer order placement and 
delivery of products. The ARC 2017 event consisted of three 
tasks; the Pick task, the Stow task, and the Final Round task, 
which was a concatenation of the other two. The official ARC 
2017 database contained 40 items with their varied form and 
composition, including objects difficult to recognize and 
difficult to grasp (due to dimensions, texture, and point cloud 
representation). In the competition only half of the items were 
taken from this database, the other half were similar but new and 
different. The solution of this problem combines many 
disciplines such as grasping, object recognition, kinematic 
control, compliant manipulation, and path planning. Some 
recent publications that describe systems that participated in 
former editions of the ARC are [1], [2], [3], [4], along with [5] 
that proposed a benchmark based on their participation in 2016. 

II. HARDWARE DESCRIPTION  

A. Robot and Sensors 
Our platform is based on Rethink Robotics Baxter, with two 

7-degrees-of freedom arms (Fig.1). This robot also is endowed 
with state-of-the-art sensors to track the position, force and 
torque of each joint. To take full advantage of both arms two 
different end effectors were been mounted on the robot (Fig. 2). 
A vacuum gripper consisting of two suction cups that adapt to 
the surface they are touching; each suction cup also has its own 
pressure sensor. A two-finger gripper with two infrared sensors 
placed to detect if there is an object being held. The vision 
system is comprised of two Microsoft Kinect v2 sensors (Fig. 
1), which provide high-resolution RGB images and an infrared 
sensor with adaptive depth detection technology. The RGB 
image is then used to identify the objects and the depth 
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information to prioritize the picking order and to provide a point 
cloud (PCL) to the picking system. 

 
Figure 1.  Overall view of the hardware components for the pick task.  

 
Figure 2.  2-finger pincher gripper (left) and vacuum gripper (right) 

B. Storage System 
The objectives of the Storage System (SS) is to store 32 

household items, place the objects in the correct position for the 
vision system to recognize them, and facilitate the picking and 
placing of the items by keeping the workspace within the reach 
of the Baxter. It is composed of the shelving unit and a moving 
platform. The former is a structure containing 5 bins (Fig. 1). 
The dimensions of the bins are optimized to fit the maximum 
number of items without clutter. The bins can be moved in/out 
from the storage system and put in the Baxter’s workspace and 
under the vision system by means of a 3 axes mechanism. 

III. SOFTWARE ARCHITECTURE 

The goal of the software architecture is to facilitate the use 
of different end effectors and vision algorithms to retrieve 
objects from the SS bins and place them in cardboard boxes, and 
the other way round, according to the pick and stow tasks. A 3-
layered modular architecture was implemented to trade specific 
algorithms that accomplish one common task. Our 
implementation was based on ROS and inspired by [6]. Modules 
were developed for the vision, storage and picking subsystems 
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(Figures. 3 and 4). For vision, different object recognition 
algorithms were integrated and performed in parallel [7], [8]. 
Motion and grasp planning approaches were integrated to work 
with the two grippers [9], [10]. 

 

 
Figure 3.  Three-layered System Architecture 

IV. RESULTS AND CONCLUSIONS 
Figures 5, and 6 show some examples of successful grasps 

during the Pick task.  To test the overall success rate of the 
system in the Pick task, 8 tests with different setups and orders 
were performed using the official ARC 40 items plus 12 
additional unknown items (Table 1). For the Stowing task we 
also performed 8 tests with different configurations of the tote. 
A high percentage of the items was successfully picked up, 
with most of the tests completed well below the alloted 15 
minutes. Video recordings are available [11].  

 
Figure 4.  Pick task plan 

 
Figure 5.  Successful grasp of the tennis ball container with the vacuum 

gripper 

 
Figure 6.  Successful grasp of the toilet brush with the pincher gripper 

        

 
Table 1. Summary of results for the Pick task tests with ARC 2017 scores. 

The algorithms for grasping require the point cloud of a 
single object and propose a suitable grasp vector. In the stow 
task, the tote contains 20 objects in an unstructured jumble. The 
vision pipeline, in this case, cannot guarantee the segmentation 
of a single object and can include parts of other objects. This 
noisy data requires the algorithms to be robust. The grasp must 
also be calculated quickly and successfully. Three vision 
algorithms and two grasp planning algorithms were integrated. 
Nine hardware elements were integrated and controlled by the 
operating system. The Pick and Stow tasks were successfully 
implemented. By executing the placing operation and the vision 
recognition algorithms in parallel the time per item was 
reduced from 42 seconds to 31 seconds. Unnecessary placing 
and extraction of bins was avoided by differentiating the right 
and left arms plans.  
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