Robot Learning for Manipulation of Granular
Materials Using Vision and Sound

Samuel Clarke
June 2019
CMU-RI-TR-19-68

eLLON
%&N\ ON gy,

The Robotics Institute
School of Computer Science
Carnegie Mellon University

Pittsburgh, Pennsylvania

Thesis Committee:
Christopher G. Atkeson, Co-Chair
Oliver Kroemer, Co-Chair
David Held
Rogério Bonatti

Submitted in partial fulfillment of the requirements
for the degree of Master of Science in Robotics.






Abstract

Granular materials are ubiquitous in household and industrial manipulation tasks, but their
dynamics are difficult to model analytically or through simulation. During manipulation,
they provide rich multimodal sensory feedback. We present a robotic system we con-
structed for investigating manipulation of granular materials. We present two data-driven,
learning-based frameworks to control scooping and pouring granular materials.

In our first set of experiments, we focus on the task of scooping granular materials
and propose to learn a model of relevant granular material dynamics through a data-driven
approach based on neural networks. We evaluate our approach on a dataset of 7,380 sam-
ples of scooping actions with two different granular materials. Our results indicate that
our model is effective for predicting both mass scooped and change in the material’s height
map, with a respective mean RMSE of 5.8 g and 0.38 cm on each task. We also demonstrate
how our model may be used for control of scooping a desired mass.

In our second set of experiments, we demonstrate a novel framework for using audio
feedback during manipulation of granular materials. Granular materials produce audio-
frequency mechanical vibrations in air and structures when manipulated. These vibrations
correlate with both the nature of the events and the intrinsic properties of the materials pro-
ducing them. We therefore propose learning to use audio-frequency vibrations from contact
events to estimate the flow and amount of granular materials during scooping and pouring
tasks. We evaluated multiple deep and shallow learning frameworks on a dataset of 13,750
shaking and pouring samples across five different granular materials. Our results indicate
that audio is an informative sensor modality for accurately estimating flow and amounts,
with a mean RMSE of 2:8 g across the five materials for pouring. We also demonstrate how

the learned networks can be used to pour a desired amount of material.
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Chapter 1

Introduction

Granular materials permeate our everyday lives, from the food we eat to the ground on
which our homes are built. Whether we are serving ourselves cereal for our morning
breakfast or repotting a house plant, manipulating granular materials in our environment
is frequently required in daily human tasks. Granular materials also play important roles in
industrial processes, such as ground excavation for mining, or mixing for glass and plastic
production [7]. In order for robots to assist in many household and industrial tasks, they
must be able to effectively manipulate granular materials.

The domain of granular materials presents challenging robotic manipulation problems
since manipulation typically relies on a model of the environment to predict the results of
different actions. The dynamics of granular materials depend on the surface interactions
among many constituent particles with potentially heterogeneous individual shapes. These
complex dynamics are often very dif cult to analytically model and can be expensive to
simulate [1].

In order to investigate the challenges of robotic manipulation of granular materials, we
designed a robotic setup, shown in Figure 1.1. The setup was designed for exibility among

multiple experiments, two of which will be detailed in this thesis. The setup includes a
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Figure 1.1: Robotic setup for investigating manipulation of granular materials with multimodal
sensory feedback. The tub in front of the Sawyer 7-DOF robot arm can be exchanged for tubs with
different granular materials.



Figure 1.2: The scoop end effector used in our experiments.

Sawyer 7-DOF arm mounted to a table. A tub of a granular material rests in front of
the robot on top of two Dymo USB postage scales for detecting changes in the mass of
material in the tub. On the end of the robot is a custom 3D printed scoop end-effector, with

a close-up image shown in Figure 1.2.

The setup is out tted with numerous sensors for sensing multiple modalities of signals.
A Realsense D435 camera measuring RGB and depth images captures the surface of the
granular material, and an additional D435 camera is mounted to the end-effector, facing
down into the scoop to capture the RGB and depth of the contents of the scoop. Between
the wrist and the scoop is an ATl Axia80 wrist force-torque sensor for sensing the forces
and moments on the scoop during manipulation. The handle of the scoop has a lapel mi-
crophone with a cardioid pro le pointing toward the tip of the scoop's basin for recording
airborne sound. Finally, a contact microphone is glued to the back of the scoop's basin for

measuring structural vibrations from the body of the scoop during manipulation.

For testing the generality of the frameworks we test in our experiments, we selected
different granular materials to manipulate, shown in Figure 1.3. Each material is relevant

to a different application of manipulating granular materials, with applications of robotic
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