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Computer Science & Engineering

Liquids are an important part of everyday human environments. We use them for common
tasks such as pouring coffee, mixing ingredients for a recipe, or washing hands. For a robot to
operate effectively on such tasks, it must be able to robustly handle liquids. In this thesis, we
investigate ways in which robots can overcome some of the challenges inherent in interacting
with liquids. We investigate how robots can perceive, reason about, and manipulate liquids.
We split this research into two parts. The first part focuses on investigating how learning-
based methods can be used to solve tasks involving liquids. The second part focuses on how
model-based methods may be used and how learning- and model-based methods may be
combined.

In the first part of this thesis we investigate how deep learning can be adapted to tasks
involving liquids. We develop several deep network architectures for the task of detection, a
liquid perception task wherein the robot must label pixels in its color camera as liquid or not-
liquid. Our results show that networks able to integrate temporal information have superior
performance to those that do not, indicating that this may be necessary for the perception
of translucent liquids. Additionally, we apply our network architectures to the related task
of tracking, a liquid reasoning task where the robot must identify the pixel locations of all
liquid, seen and unseen, in an image based on its learned knowledge of liquid physics. Our

results show that the best performing network was one with an explicit memory, suggesting



that liquid reasoning tasks may be easier to solve when passing explicit state information
forward in time. Finally, we apply our deep learning architectures to the task of pouring
specific amounts of liquid, a manipulation task requiring precise control. The results show
that by using our deep neural networks, the robot was able to pour specific amounts of liquid
using only RGB feedback.

In the second part of this thesis we investigate model-based methods for robotic inter-
action with liquids. Specifically, we focus on physics-based models that incorporate fluid
dynamics algorithms. We show how a robot can use a liquid simulator to track the 3D state
of liquid over time. By using a strong model, the robot is able to reason in two entirely
different contexts using the exact same algorithm: in one case, about the amount of water
in a container during a pour action, in the other, about a blockage in an opaque pipe. We
extend our strong, physics-based liquid model by creating SPNets. SPNets is an implemen-
tation of fluid dynamics with deep learning tools, allowing it to be seamlessly integrated
with deep networks as well as enabling fully differentiable fluid dynamics. Our results show
that the gradients produced from this model can be used to discover fluid parameters (e.g.,
viscosity, cohesion) from data, precisely control liquids to move them to desired poses, and
train policies directly from the model. We also show how this can be integrated with deep
networks to perceive and track the 3D liquid state.

To summarize, this thesis investigates both learning-based and model-based approaches
to robotic interaction with liquids. Our results with deep learning, a learning-based approach,
show that deep neural networks are proficient at learning to perceive liquids from raw sensory
data and at learning basic physical properties of liquids. Our results with liquid simulation,
a model-based approach, show that physics-based models are very good at generalizing to
a wide variety of tasks. And finally out results with combining these two show how the
generalizability of models may be combined with the adaptability of deep learning to enable

the application of several robotics methodologies.
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Chapter 1

INTRODUCTION

Liquids are everywhere. They cover 70% of our planet's surface. Life began in liquid [33],
and liquids are necessary for life to exist at all [7]. Humans use liquids everyday in a variety
of tasks from taking a shower to drinking co ee to washing dishes. There are even large
plumbing infrastructures in place to transport liquids to and from homes, o ces, and other
buildings. It is clear that liquids play a vital role in everyday life. Thus any robotic system
that is designed to assist humans in common household tasks must be able to e ectively
deal with liquids. For example, a cooking robot must be able to handle liquid ingredients, a
robot washing dishes must be able to handle liquid cleaner, and a robot server must be able

to transport open-top full containers without spilling.

In this thesis, we investigate a framework to enable robots to intelligently handle lig-
uids. We break this framework down into three steps: 1) First the robot musperceiveits
environment to locate the liquid. 2) Next the robot mustreasonabout the liquid it sees in
order to infer relevant information (e.g., if a container may be full of liquid). 3) And nally
the robot must use this information to manipulate the liquid to a desired con guration.
Figure 1.1 shows this framework. We investigate several tasks for each of the steps of our
framework, which are shown in the gure. We speci cally selected a more traditional model-
based approach with individual steps of the pipeline speci ed beforehand, as opposed to a
fully end-to-end opaque framework, because it allows us to analyze each step individually.
By doing so, we can inspect the components of each step in order to gain valuable insights.

The research done in this thesis is primarily annvestigation into how robots might
perceive reasonabout, and manipulate liquids. For the tasks we examine here, we look at

both how we can adapt existing methodology for other tasks to liquids as well as how we can



Figure 1.1: Outline of the problems studied in this thesis. The columnggrception reason-
ing, and manipulation, comprise each of the problems in logical order. Each column lists the
tasks we explore in this thesis as it pertains to that problem. The dashed boxes indicate

which tasks are covered in each chapter (best viewed in color).

extend and develop our own methods to add to the robot's repertoire. We develop several
systems in this thesis including a deep learning architecture for perceiving liquids, a method
for precise pouring of liquids from raw RGB feedback, and a method for integrating deep
neural networks with uid dynamics. Our results reveal multiple insights about how robots
can interact with liquids, such as the importance of integrating temporal information on
the di cult perception task or the reasoning power of 3D physics-based models for inferring
unknown information about liquids. We believe that the conclusions and insights in the
following pages of this thesis constitute a signi cant contribution to our understanding of

how robots can interact intelligently with liquids.



1.1 Motivation

Interacting with liquids is not a trivial task, but humans have been doing it for a long
time. In fact humans interact with liquids from a young age. Studies have shown that
even infants can distinguish between rigid objects and \substances", or liquids [51]. They
have also shown that infants as young as ve months have knowledge about how substances
behave and interact with solid objects [50]. Furthermore, infants as young as 10 months
have the ability to distinguish quantities of non-cohesive substances as greater or less than,
although the quantity ratio must be larger for substances than for solid objects, suggesting
that humans use a di erent mechanism to quantify substances than to quantify objects
[154]. This supports the claim that liquids are important to human environments since
even young infants have at least some capacity to reason about them. Thus if liquids are
so important to humans, then they must also be important for robots wishing to operate
alongside humans. Furthermore, other studies have shown a correlation between humans'
understanding of uid dynamics and what would be expected of a probabilistic uid physics
model [8], which suggests that humans have more than a simple perceptual understanding
of uid physics. This implies that liquids have their own reasoning pathways in the brain,
suggesting that generic rigid object reasoning is not su cient for handling liquids. Thus
for robots to operate in human environments, they may need reasoning capabilities beyond
just rigid body physics. In this thesis, we investigate ways to enable robots to have these

capabilities.

Robots in industrial settings have been performing tasks involving liquids for many
years [55, 109, 85, 86, 78, 157]. So if robots can already handle liquids, why investigate
these capabilities any further? The primary drawback to industrial approaches is that these
robots are often given highly constrained tasks and specialized hardware, obviating the need
for any precise understanding of the liquids they work with. For example, a pancake batter
dispensing robot suspended from a gantry above a griddle may only know that it needs to

open and close its valve on a xed schedule without any knowledge of how the batter is re-



leased onto the griddle. This is acceptable in a highly constrained task environment such as
a factory. However, this is not feasible for a robot in an unstructured environment such as a
kitchen. For the robot to make a pancake, it would need to know the relative locations of the
objects and be able to monitor and control the ow of batter onto the griddle to create the
desired shape. In the research here we are interested in robots that can interact in everyday
human environments. Single-purpose robots are only useful in factories, where economies of
scale apply; but in unstructured environment like homes they are uneconomical. Instead, we
must rely on more general-purpose robots, which cannot rely on the structure imposed in a
factory and instead must be able to understand their environment on their own. For this
reason, we focus here on robotic interaction with liquids in unstructured environments and

the capabilities such a robot must have.

To better understand exactly what capabilities a robot in this kind of environment would
need to handle liquids, let us consider a prototypical task: baking a cake. The rst step
involves mixing together eggs, wet ingredients such as heavy cream and vanilla, and dry
ingredients such as our and sugar. To do this, the robot must be able to 1) localize the
objects such as the mixing bowl, eggs, and containers with the ingredients, 2) accurately
perceive the location and amounts of ingredients, 3) reason about the results of manipulating
the objects, and 4) perform precise, closed-loop actions to manipulate those objects and
their ingredients. 1) has been well-studied in the robotics and computer vision literature
[84, 160, 20, 53, 59, 119, 147, 115, 158]. 3) and 4), at least for rigid objects, have also been
studied by prior work in [74, 73, 63, 95, 36, 168, 9, 61] and [30, 110, 138, 82, 5, 24, 28]
respectively. However there has been relatively little research relevant to 2) or to 3) and 4)
as it pertains to liquids such as heavy cream or granular media such as our. We go into
detail on what research there is pertaining to those areas in chapter 2

The next step, after thoroughly mixing all the ingredients, is to pour the cake batter into
a pan. While robotic pouring has been examined in various contexts [79, 18, 108, 144, 127],
all of this work has focused on the general task of moving liquid from one container to

another. Pouring cake batter into a pan di ers from the general pouring task in that it is



necessary that the cake batter in the pan be evenly distributed, which can be done either
via moving the source container to distribute the batter or by applying a spoon after. Either
way, it requires the robot to have a detailed understanding of the state of the liquid and
how to precisely manipulate it. After this the cake pan needs to be placed in the oven for
a xed amount of time. Grasping and moving rigid objects subject to constraints (in this
case the pan must remain upright) has much prior work [61, 48, 4, 139, 10, 70]. Once the
cake has been removed from the oven after baking, the last step is to frost it. Creating the
frosting is very similar to creating the cake batter (mixing dry and wet ingredients together)
and requires largely the same skills. However, spreading the frosting requires that the robot
be able to perceive and manipulate via a tool a highly viscous uid (the frosting) in order
to spread it over an uneven surface (the cake). There has been one work that has looked at
using a tool to manipulate granular media [161], although they focused on the related but

di erent task of cleaning.

What is missing? What capabilities do modern robots lack in order to bake a cake in
an unstructured kitchen? While there has been a lot of research directly applicable to many
components of the task such as localizing objects or grasping and moving objects, there has
been a relative dearth of research as it pertains to the skills necessary for robots to manipulate
liquids and granular media. This is not unexpected; liquids and granular media aterd.
They're non-rigid, which means a tool or container is required to manipulate them; a robot
can't just grasp them directly. They're non-rigidity also means that their state space is high
dimensional, unlike rigid objects who's state can be represented by a 6 degree-of-freedom
translation and rotation. Furthermore, they are simply more dangerous to robots than rigid
objects; a grain of sand in a joint or a splash of water on a circuit can easily damage an
expensive robot. That is not to say there has been no research that has attempted to work
around these limitations for cooking tasks. Both [169] and [98] examined ways for robots
to hold and break eggs, and [40, 14, 74] attempted to create a full robotic cooking system,
however [40, 14] only reasoned about the tasks at an abstract level, leaving hand-tuned

primitives to carry out the low-level functions, and [74] only performed cooking in simulation



with a course approximation for non-rigid substances, making it di cult to transfer to a real
robot. Indeed, there has been very little work to this point that has investigated how a robot
can Il in the gaps in its cake-baking skillset to allow it to manipulate liquids and granular
media in an intelligent manner.

While both granular media and liquids are interesting areas for research and are necessary
to fully enable a robot to bake a cake, in order to focus this thesis we look at only liquids
here. Given the similarities between liquids and granular media (e.g., non-rigidity, high-
dimensional state space), some of our research may also be applicable to granular media,
although here we only focus on liquids due to many of the unique problems posed by them
(e.g., many liquids are translucent, which many granular media are not). However, in our
concurrent work [134] we investigate one method for enabling robots to manipulate granular
media. One goal for future work is to determine how our methods in this thesis may be

applied or extended to granular media.

1.2 Problem Statement

In this thesis we focus on studying the capabilities that a robot would need to solve problems
similar to the cake baking task described in the previous section. That is, tasks where the
robot is placed in relatively unstructured environment and must use liquids with human-level
precision to solve tasks. Speci cally, we consider the baseline setup to be a robot with an
arm and attached gripper placed in front of a tabletoh. The robot is then given a task
and must use its suite of sensors to perceive its environment and decide on what actions to
take. We primarily focus on the task ofpouring, since it is such a common task involving
liquids, however we also consider other tasks as well. We break down our tasks to focus on
the di erent components of liquid manipulation that a robot must solve in order to complete

the tasks. We look at how robots carperceive liquids, reason aboutliquids, and nally

Lwhile there are many interesting tasks that involve mobile robots and liquids (e.g., carrying an open-top
container without spilling), in this thesis for simplicity we consider only a stationary robot manipulating
liquids over a tabletop.



manipulate liquids. Figure 1.1 shows each of these components and the corresponding tasks
we investigate.

Perceiving Liquids:  The task of perceiving liquids is a challenging one. Common
liquids such as water are translucent, making them di cult to perceive with a color camera
and meaning they often scatter the light from infrared-based depth cameras in a di cult-to-
predict manner. Furthermore, due to their non-rigidity, liquids need to be contained in other
often opaque objects, obscuring much of the liquid from view. However, in recent years deep
learning has shown a lot of success solving di cult perception tasks [72, 29, 38, 47, 82, 87].
This strongly suggests that it may be possible to perceive liquids as well.

In this thesis, we examine ways in which we can apply these advances in deep learning
to perceiving liquids. We evaluate deep neural networks on the task détection Detection
is essentially the task of nding where the liquid is in the robot's perceptual data stream.
Here we focus primarily on vision as the main sensor, setectionin the vision domain is
determining whether each pixel in an image contains liquid or not. That is, the robot's task
is to label each pixel in its camera image dguid or not-liquid. This task is well-suited for
analyzing robotic perception of liquid as it requires solving all the di cult parts of liquid
perception while also focusing only on the perception without con ating it with other tasks.

In chapter 4 we analyze how deep learning methods can be applied to solve this task.

Reasoning About Liquids:  Reasoning about liquids is also quite di cult. Their non-
rigidity means that to accurately represent the full state of the liquid it must be relatively
high-dimensional, on the order of thousands to tens of thousands of degrees of freedom
(DOF). But many robotic algorithms are only designed with lower-dimensional state rep-
resentations in mind and have di culty extending to such high DOFs [146, 83, 24, 80].
One solution studied in the literature is to summarize the liquid state in a few variables
(e.g., amount of liquid in a container) so that it can be used with traditional robotics algo-
rithms [164, 165, 79]. However, the drawback to this method is that it limits the reasoning
capability of the robot to being only task specic or to only applying at a very high-level.

This is problematic if a robot wishes to perform ne-grained reasoning about liquids.



In this thesis, we examine how robots can use high-dimensional liquid state represen-
tations to reason about liquids. We de nereasoning aboutliquids to mean inferring any
unknown about the liquid that is not directly observable or given by the problem. For exam-
ple, the robot may infer from seeing the surface of a liquid in a container that the container
below that point is also lled with liquid since it may know (or learned) that liquid is heavier
than air and that no air can exist under it. Or, given the liquid's current state, a robot
may use its knowledge of liquid physics to infer future states. The goal of reasoning about
liquids is to use knowledge a robot gained elsewhere about liquids and their behavior (either
through learning or a model) to \ Il in" unknowns in the robot's environment. In chapter 6
we examine the task of inferring the liquid state in 2D (using pixels as the state represen-
tation) given only the observation. In chapter 7 we examine the task of using a full liquid
dynamics model to determine unobserved state variables in the environment by comparing
the model to observations.

Manipulating Liquids: The nal component we examine in this thesis isnanipulating
liquids. This is also di cult, in part due to its reliance on the previous two but also due to
di culties related directly to manipulation of liquids. Due to its necessarily high-dimensional
state, liquid manipulation has a tendency to be chaotic, with small deviations ampli ed by
the many degrees of freedom. For example, a slight alteration in a pouring trajectory can
easily result in spilled liquid, or a slight over-torque on a mixing instrument can cause liquid
to splash to undesirable locations. Additionally, liquid interactions are often non-reversible,
e.g., when pouring the liquid can travel from the source to the target but not the other way.
Finally, manipulating liquids can be dangerous for robots. Both [44] and [14] covered their

robots in plastic to prevent damage from liquids.

In this thesis, we examine tasks where the robot must perform precise control tasks with
liquids. A precise task is one in which the robot must exhibit a deeper understanding of the
liquid and its physical properties. For example, in a pouring task, if the goal is simply to
move all contents from one container to the other, then it can be speci ed with constraints

on the orientation of the containers and a reward for holding one upended over the other,



which requires no understanding of the underlying contents of the container. Alternatively,
if the goal is to move a speci c amount of liquid from one container to the other, the robot
must have some understanding of how the liquid is owing from one container to the other
in order to transfer the correct amount. We look at tasks like this; tasks that require the
robot to have at least some understanding of the liquids involved so that it can precisely
control them. In chapters 3 and 5 we examine the task of pouring precise amounts of liquid

and in chapter 8 we examine moving liquid with rigid objects to desired goal con gurations.

1.3 Contributions

Our focus in this thesis is on taking methods developed in robotics, computer vision, machine
learning, and uid mechanics and applying them to robotic liquid manipulation tasks. This

is not as straightforward as it might seem. As stated in previous sections, liquids have many
qualitative di erences with rigid objects, for which many of these methods were developed.

As such, in this thesis, much of the work focuses on adapting and modifying many existing
methods to be suitable for tasks involving liquids. We evaluate various ways to apply existing

methodology to liquid tasks, ways to modify existing methodology for liquid tasks, and even

develop our own methodology to combine di erent approaches. Our main contributions are

as follows:

Evaluation of Deep Learning on Liquid Perception: We thoroughly evaluate
many variations of deep convolutional neural networks on liquid perception tasks. We
compare multiple architectures, training regimens, and input formats. We test them
on the detection task using water and report results on both a randomly selected
test set and a test set containing unseen objects. Our results show that the best
performance is achieved by networks that can integrate temporal information over time.
This strongly suggests that in order to perceive translucent liquids, it is necessary to

aggregate changes in visual appearance such as light refractions or re ections over time.
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Application of Closed-Loop Control for a Liquid Control Task: We also show
how these methods can be used to perform a closed-loop liquid control task. We
demonstrate the rstinstance in the literature of a robot utilizing a deep neural network
in order to precisely control liquids. Our experiments show how models learned from
data can be used to successfully pour speci c amounts of liquid using only a color
camera. This suggests that learning-based approaches to liquid control can learn to

perform tasks with human-level accuracy.

Using a Closed-Loop Fluid Simulator for Liquid Reasoning: We adapt stan-
dard uid dynamics models for robotics and show how they can be used by a robot
to reason about liquids. We develop a way to use relatively simple perceptual models
combined with a uid simulator to track the state of the liquid over time. We then
demonstrate how this can be used by a robot to perform reasoning tasks about its
environment such as determining how full a container is or where a hidden obstacle
might be. We show the versatility and generalizability of model-based methods for full

3D reasoning about liquids.

Combining Fluid Simulation and Deep Learning: Finally, we show how we can
combine our learning-based methods that utilize deep networks with our model-based
methods that utilize uid simulators. We propose SPNets, a framework that integrates
deep learning with uid dynamics. We show how this can enable a robot to reason

about and control liquids robustly.

1.4 Overview

This thesis is split into two parts: the rst part focuses on learning-based methods, and the
second focuses on model-based methods. The split in this thesis re ects the split in the eld
of robotics in general. Traditional robotics methods rely on models of their environment to
operate, and they have shown considerable success in doing so [146, 64, 32, 150, 81, 136].

However, recently much work has shown how model-free learning-based methods, primarily
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utilizing deep learning, can solve many di cult robotic tasks [82, 47, 34, 110, 124, 57]. This
has led to a split in the robotics literature between model-based methods and learning-based
(or model-free) methods. Both have their advantages and disadvantages. Learning-based
methods do not require pre-speci ed models and can adapt very well to a wide-variety
of tasks, however they tend to require large amounts of training data and have di culty
generalizing outside of the trained task. Model-based methods, on the other hand, tend to
generalize better and don't usually require copious amounts of training data, although they
require models to be speci ed in advance and have di culty adapting to di erences between
the model and the robot's environment. In this thesis, we examine both types of methods
and then in chapter 8 we propose a way to combine both for liquid tasks. Figure 1.1 shows

which tasks we investigate in each chapter.

The rest of this thesis is laid out as follows. The next chapter, chapter 2, goes into detalil
about prior work done in robotics, computer vision, machine learning, and uid mechanics
that is related to robotic manipulation of liquids. Following this chapters 3 through 6 detail
our evaluation of learning-based methods to robotic tasks involving liquids. In chapter 3
we start our examination with a simple liquid manipulation task: pouring with direct in-
strumentation of the environment. We place a real-time scale under the target container
to directly measure liquid ow and we apply guided policy search [83] to train the robot to
pour precise amounts of liquid. However, in a real environment a robot cannot always rely
on direct instrumentation such as a scale, so the next step is to examine ways to use a more
general purpose sensor. In chapter 4 we do just that, looking at how a robot can use a color
camera to perceive liquids. We apply deep learning to the task detection i.e., labeling
pixels asliquid or not-liquid. We evaluate multiple deep architectures on both simulated and
real datasets. In chapter 5 we return to the task of pouring, this time utilizing the deep
networks developed in the previous chapter for perception instead of a scale. In chapter 6
we further evaluate our deep networks on a liquid reasoning task. We apply the networks to
the task of tracking, that is, tracking all the unseen liquid in an image given only the visible

liquid.
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Chapters 7 and 8 detail our evaluation of model-based method for robotic tasks involving
liquids. In chapter 7 we examine ways in which a uid simulator can be useful for a robot
operating in a real environment. We simulate the uid state alongside the real state, using
simple perceptual models to \correct" deviations from the real liquid. This is then used by
the robot to perform reasoning tasks about its environment, such as how full an unobserved
container is or where a hidden object might be. In chapter 8 we propose SPNets, an extension
of a uid simulator that allows it to directly interface with deep neural networks. We examine
how it can be used to reason about various liquid properties, solve liquid control tasks, and
integrate with the liquid perception deep networks from chapter 4. Finally, we nish this
thesis in chapter 9 with a discussion of the results of our experiments and avenues for future

work.
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Chapter 2
RELATED WORK

The work in this thesis combines ideas from both robotics and computational uids/ uid
dynamics. We draw on techniques in computer vision and robotics to both perceive and ma-
nipulate liquids. We also use methodology from computational graphics and uid dynamics
to represent liquids and to implement their dynamics. By combining these, we can develop
tools for robots to perceive, reason about, and manipulate liquids. The rest of this chapter is
outlined as follows. The following section details related work in robotics pertaining to both
perceiving liquids and manipulating them. The section after that describes related work in
computational uids, about both uid dynamics models and learning as it relates to those

models.
2.1 Robotics

2.1.1 Liquid Perception

Liquids are di cult to perceive, often being clear or at least partially transparent and almost
always occluded by the container holding them. As a result, there has not been as much
emphasis in the literature on perceiving liquids. Nonetheless, there has been some work in
this area. Rankinet al. [120, 121] investigated ways to detect pools of water from an un-
manned ground vehicle navigating rough terrain. They relied on traditional computer vision
approaches (this work was performed prior to the wide-spread popularity of deep learning),
detecting water puddles via color features or based on sky re ections. By using stereo color
cameras mounted on an unmaned ground vehicle and taking advantage of the unique visual
properties of water (e.g., gradient of the saturation-to-brightness ratio as compared to sur-

rounding terrain), they were able to reliably detect pools of water along the robot's path
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and navigate around them. Work by Yamaguchi and Atkeson [165] also used color features
to detect liquids. In this work, they positioned a color camera directly across from a clear
plastic cup with a solid color backdrop as a robot poured colored water into the cup. This
allowed them to use a color Iter to determined the amount of liquid in the cup. However,
the focus of this work was on robotic control for pouring liquids, so the perception system
relied on relatively simple computer vision techniques.

Yamaguchi and Atkeson followed their work in [165] with work focused more directly on
the liquid perception problem. In [163] they utilized stereo optical ow for liquid detection.
They placed a pair of calibrated color cameras opposite a cup, and then poured liquid into
the cup. During each pouring sequence, they calculated the optical ow in each camera image
and then used feature matching to match the ow features between the two cameras, resulting
in 3D locations for each feature. By using a known camera pose and some assumptions about
the nature of the task (e.g., the liquid stream tends to be above the target cup), they were
able to isolate the features associated with the liquid. These features were used to detect the
location of the liquid in the environment. Because the model relied primarily on non-learned
visual features, it was able to reliably detect a wide variety of liquids including water, cola,
and even beans. This was a key component to their model: without a lot of parameters to
train, it couldn't over t, and as a result was able to generalize quite well. On the other hand,
however, their results did indicate that the model su ered from a lack of precision, something
which a model trained from data could learn to overcome. In chapter 4 we evaluate many
variants of a learning-based method on the liquid detection task, including a method that

integrates insights from [163].

Similar to Yamaguchi and Atkeson, Dcet al. [26] also developed a model-based technique
for liquid perception, albeit with a di erent approach. To detect the level of liquid in a
container, they utilized the infrared (IR) light from a projected light depth camera. When
the camera projects its IR pattern onto the scene, the light is refracted through liquid
di erently than through air. Do et al. took advantage of this by developing an algorithm

that computes the expected image given either liquid or air refraction and then compares



15

that to the actual image. By using this technique in combination with a probabilistic state
estimate, they were able to successfully determine the level of the liquid in a target container
over a short time window. In that paper, the authors took advantage of thelistortions in
the image caused by light refracting through the liquid to detect the liquid, however work by
Elbrechter et al. took the opposite approach. In [27] they used a depth camera to perceive
liquids and detect how they moved in order to discriminate between high viscosity and low
viscosity liquids. Unlike Doet al., Elbrechter et al. used opaque liquids which re ected the
IR light, allowing the depth camera to construct an accurate model of their surface. This
was crucial as the change in surface shape of the liquid over time was critical for determining
the viscosity of the liquid. By using this method, they were able to reliably distinguish
between di erent types of viscous liquids. Similarly, work by Pauluret al. [114] also used
liquid shape to discriminate viscosity. They generated liquid splatter sequences by utilizing
a liquid simulator, which also allowed them to extract binaryliquid/ not-liquid pixel labels
from a simulated camera. They then extracted hand-designed shape features from the binary
images and used them to train a model to discriminate liquid viscosity. Their model was

able to determine the viscosity with the same reliability as human participants.

Finally, no discussion on robotic liquid perception is complete without at least some men-
tion of the objects that contain them. Liquids can almost never be interacted with directly,
and so they spend most of their time in containers. Work by Gri th et al. [42, 43] has focused
on using behavior-grounded approaches to learning about containers. Speci cally, in [44] the
robot placed containers under a constant water stream owing from a faucet into a sink. The
robot utilized both auditory and proprioceptive data to learn about each container's prop-
erties and discriminate containers from non-containers. Other work on containers for liquids
by Mottaghi et al. [101} focused on determining the volume of containers from color images.
In that work, they trained a deep neural network to predict the volume of containers from

individual color images as well as the potential amount of liquid contained in the container

1Several of the authors on this thesis are also co-authors on [101].
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given the object's pose. To do this, they generated a dataset with 3D models associated to
each visible container and then utilized a liquid simulator to estimate the resting maximum

Il amount of the containers for each pose.

2.1.2 Liquid Manipulation

Liquid manipulation is a complicated and oft-treacherous task. Liquids are highly de-
formable, chaotic, and a spill can easily damage or destroy an expensive robot. Never-
theless, several groups have undertaken research on liquid manipulation, primarily focusing
on the task of pouring. Work by Langsfeldet al. [79] used human demonstrations to teach
a robot how to succeed at a task involving pouring into a moving container. Cakmak and
Thomaz [18] evaluated a robot active learning system on prompting humans to provide useful
feedback when learning to perform various tasks including pouring. Okads al. [108] cre-
ated a system that allowed a robot to perform motion planning for pouring and then verify
that the robot performed the correct motions after the fact. Finally, work by Tamosiunaite
et al. [144] used dynamic movement primitives to capture the goal and shape of a pouring
trajectory for a robot learner. These works applied a variety of techniques, from motion
planning to human demonstrations, to teach a robot how to pour from one container into
another.

However, the research in [79, 18, 108, 144] all focused on the broad motions of pouring
(e.g., moving the source over the target, rotating the source, etc.) rather than low-level
control or closed-loop feedback. Rozet al. [127] developed a method that used real-time
closed-loop feedback to pour precise amounts. Speci cally, they utilized human demonstra-
tions to teach their robot how to pour and proprioceptive sensors in the robot's arm to
provide feedback on the amount that had been poured out. They were able to successfully
teach their robot to use feedback to pour 100 ml from a bottle into a cup. Other work by
Kennedy et al. [60] also used closed-loop feedback to perform precise pouring. In their ex-
periments, a robot was task with dispensing a precise amount of colored liquid from a source

container into a transparent target container. By placing a camera directly across from the
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target, they were able to use a color Iter to determine the height of the liquid, which was
then fed into a pouring model that determined the robot's actions. This system allowed the
robot to robustly pour precise amounts of liquid. In chapters 3 and 5 we also examine the
problem of pouring precise amounts of liquid using a scale as feedback (chapter 3) and visual
input as feedback (chapter 5).

Precise dispension of liquids isn't the only concern when pouring however. Another major
constraint is the nal destination of the liquid, i.e., not spilling liquid outside the target. Yano
et al. [166] utilized precise liquid models to prevent sloshing during a pouring task. In a follow
up work, Sugimotoet al. [143] augmented those models to control the surface of the liquid
contained in a sprue cap to prevent it from spilling. Later research by Kuriyamat al. [75]
looked at a similar problem. They utilized a uid simulator to plan motion trajectories that
minimized spillage of liquid in a spoon held in the robot's end-e ector. More recent work
by Pan and Manocha [111] used a physics simulator with simpli ed uid dynamics to plan
trajectories that allowed the robot to pour liquid without spilling. In a follow up to their
work, Pan and Manocha [112] gathered pouring examples on real data, and then used a
neural network to infer the liquid-related parameters, which allowed their trajectory planner

to generate more accurate plans for the robot.

Pan and Manocha aren't the only authors to utilize a simulator to prevent spillage.
Guevaraet al. [46] also used approximate uid dynamics to reason about spillage. In their
work, the robot rst went through a calibration stage to determine the parameters of the
liquid, then an optimization stage to optimize the pouring motion for minimum spillage.
Yamaguchi and Atkeson also utilized approximations to reason about liquid spills. In [164]
they used small, rigid spheres in place of liquid in a rigid-body physics simulator. The robot
generated a motion trajectory using di erential dynamic programming (DDP) and then
poured the spheres from a source into a target, using temporally decomposed dynamics along
with hand-designed features to simplify the problem. They followed this with [162] where
the robot solved the pouring task by composing di erent skills (e.g., grasping, tilting, etc.)

in a graph structure, optimizing each using DDP. While both [164] and [162] were entirely in
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simulation, in [165] they applied their method on a real robotic system, successfully pouring
liquids with minimal spillage.

Even though it is primarily real robots that we are concerned with, simulation is nonethe-
less a powerful tool for reasoning about liquids. Work by Kunze and Beetz [73, 74] took ad-
vantage of a robot simulator to reason about potential actions available to the robot. They
focused on the task of making pancakes, which involves interactions with rigid objects, de-
formable objects, and liquids. Similar to Yamaguchi and Atkeson [164], they approximated
the liquids as rigid spheres. In the simulator, the robot could repeatedly perform the same
task (e.g., pouring pancake batter, breaking eggs) with di erent action parameters to reason
about the e ect of the parameters on the outcome of the task. In chapter 7 we utilize a uid
simulator to perform similar reasoning about liquids, although with a focus on hidden state

variables rather than action parameters.

2.2 Computational Fluids

2.2.1 Fluid Dynamics

In this thesis, we utilize uid simulators to model liquids, enabling our robot to both reason
about and control them. Here we brie y discuss some of the background and related work in
the literature about uid mechanics and simulation. Liquid simulation and uid mechanics

are well researched in the literature [2, 105]. They are commonly used to model uid ow in
areas such as mechanical and aerospace engineering [52], and to model liquid surfaces in com-
puter graphics [16, 23, 103]. The primary physical equations governing uid mechanics are
the Navier-Stokes equations, developed by Claude-Louis Navier and Goerge Gabriel Stokes in
1822 [148]. Since then, several algorithms have been created to implement the Navier-Stokes
equations for uid simulations. The predominant method is the Eulerian method, a nite
element method, where the space is divided into a xed-size grid, and the uid is modeled as
ow between adjacent grid cells [22]. This method has several advantages. First, it has been

extensively studied and has well-formulated and stable mathematical models. Second, the
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representation of the uid in a grid format makes is relatively straightforward to interface
the uid representation with a deep neural network using a standard 3D convolutional layer.
Finally, there are many commercially available implementations of this algorithm (such as

the one included in [11]).

However, there are several drawbacks to the Eulerian method. The biggest issue is the
tradeo between resolution and computational resources. To increase the accuracy of the
grid approximation, it is necessary to increase the spatial resolution of the grid, but doing
so increases both the processing time and memory requirements ®¢n3) for an environ-
ment in 3D. This can make it infeasible to simulate large environments accurately, especially
when the uid in those environments is very sparse. McAdamst al. [92] proposed a pos-
sible solution to this problem that utilized a multi-grid approach, simulating the uid at
di erent levels of resolution and then combing them together. While this can alleviate the
extreme resolution vs. e ciency tradeo somewhat, it has its own issues such as a di cult
implementation, a challenge to parallelize on a GPU (critical to e cient uid simulations),
and many non-trivial failure cases. Instead, the main alternative to Eulerian uid simula-
tions, Lagrangian simulation, doesn't su er from such an extreme tradeo . Lagrangian uid
simulation represents the uid as a set of particles, where each particle carries with it its
own set of uid properties, and a continuous vector eld is approximated by interpolating
between particles for any point in space [39]. The primary di erence between Eulerian and
Lagrangian methods is that the Eulerian method models the rate of uid ow from one cell
to another, whereas the Lagrangian method models the movement of individual \packets"

of uid. Bujack and Joy [17] phrased the di erence well using an analogy:

On one hand, the Eulerian speci cation describes the ow passing through a
xed spatial domain. It can be interpreted as the point of view of a stationary
observer standing at a rivers bank watching the water ow by... On the other
hand, the Lagrangian specication of a ow eld describes the properties of a

xed uid parcel as it travels through space. This speci cation can be imagined
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as the point of view of an observer that sits in a boat and moves along with the

ow of the river.

In this thesis we utilize the particle-based Lagrangian method because it is able to more
e ciently represent sparse liquids in a large environment. The main algorithm that im-
plements Lagrangian uid dynamics is Smooth Particle Hydrodynamics (SPH) [39]. The
key feature of this algorithm is that all the uid properties in the Navier-Stokes equations
(e.g., pressure, viscosity) are applied as physical forces to the particles, which are advected
according to their momentum. SPH has been used extensively for astrophysical applica-
tions [37, 126] as well as modeling uids for applications such as modeling lubrication be-
tween mechanical parts [76]. We use SPH for our experiments in chapter 7. However, SPH
has one major drawback as it relates to liquids: it can't accurately model incompressible
uids such as water. There have been some proposals in the literature that o er various
methods for modifying SPH to handle incompressible uids [142, 13, 3]. Macklet al. [90]
proposed a di erent solution. They created Position Based Fluids (PBF), an extension of
SPH that combines the approximate constraint solutions of position based dynamics [104]
with the particle-based uid representation of SPH. In PBF, the physical properties of uids
related to incompressibility (e.g., pressure) are treated as constraints rather than physical
forces. During each update step, after the forces are applied and the particles advected,
PBF uses an iterative, approximate solver to solve the incompressibility constraint. This
way PBF is able to accurately and e ciently model incompressible uids such as water. The
authors released an implementation of their PBF algorithm in the commercially available
physics simulator FleX [91]. We use PBF and FleX for our experiments in chapter 8.

Of course, incorporating uid dynamics into our methodology adds complexity, so why
not rather approximate the liquids as a set of small, rigid spheres? In fact, this was the
methodology taken in [73, 74, 164, 165] when they needed to simulate liquids for their
experiments. The drawback to this approach is that while the broad dynamics are the same

(e.g., both will fall from an upturned container), the precise dynamics are not (e.g., rigid
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objects don't cohere as liquids do). For the work in this thesis, we are interested in enabling
precise reasoning and control of liquids. Thus a rough approximation is not su cient; we
require a more precise model. So while using proper uid dynamics does add complexity to

our model, that complexity is a necessary condition of the precision we desire.

2.2.2 Learning Fluid Physics

A key contribution we make in this thesis is adding learning to the computational uid dy-
namics methodology. There have been several attempts in the literature to combine learning
and uid dynamics. Elbrechter et al. [27] used a nearest neighbor and polynomial regres-
sion model to learn the correspondence between visual changes in a liquid's surface and its
viscosity. In their experiments, the robot used a kinect depth camera to perceive the surface
of the liquid, then proceeded to apply a pushing motion. Their model was successfully able
to not only regress to known liquids, but also able to accurately predict the viscosity of
unknown liquids as well. Guevareet al. [46, 45] worked on a similar problem. However,
instead of regressing directly to viscosity as in [27], they used a uid simulator to optimize
the parameters of the liquid. The robot performed an action with the liquid (either pouring
as in [46] or stirring as in [45]) and then would observe the changes caused by this action.
The robot then internally simulated the same environment in a uid simulator (they used
Nvidia FleX [91]) and optimize the liquid parameters such as viscosity or cohesion until the
simulator matched the real environment. Given this estimate for the liquid parameters, the
robot could then successfully execute actions such as pouring without spilling. Relatedly,
work by Mottaghi et al. [100, 99] has shown how physical scene models extracted from real
data can be used to reason about physics, albeit rigid body physics in the case of [100, 99].
They utilized convolutional neural networks (CNNSs) to convert an image into a description
of a scene, and then applied Newtonian physics to understand what would happen in the
future. Work on deformable objects, which share many properties with uids (e.g., non-
rigidity, dense state, etc.), by Schulmanet al. [137] utilized physics models and a depth

camera to track the surface of objects such as ropes, clothes, and sponges.
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However the works in [27, 46, 45, 100, 99, 137] focused on utilizing physics for reasoning;
other work has focused on learning the dynamics of uids. Yamaguchi and Atkeson as part of
[164, 162, 165] learned a dynamics model that used an abstract feature representation of the
state of the uid. Here they represented the state using the relative positions of the objects,
the location and variance of the uid stream, and the amount of uid in the container vs. the
amount of uid spilled. As a result, the dyanmics learned were only only in the most broad,
general terms over the abstract features. Kozek and Roska [71] were, to the best of the
authors' knowledge, the rst to directly model the full Navier-Stokes equations in a machine
learning framework. The used cellular neural networks to compute dense uid dynamics on
a 2D grid, although the focus of [71] wasn't on learning. Longt al. [88] extended [71] by
adding in a recurrent convolutional network to learn the motion of external forces (e.g., a
moving wall), which then allowed them to predict the dense 2D future state of the uid in
the environment. Scottet al. [56] took a di erent approach, applying learning to the uid
dynamics themselves. They used multilayer perceptrons and support vector machines to
learn to predict the height of waves in a bay along a coastline from detailed oceanographic
data such as wave conditions, ocean-current nowcasts, and reported winds. Other work has
also focused on learning detailed 2D dynamics. Scheratkal. [134F used fully convolutional
networks to learn the 2D changes in a height map over granular media after scooping actions.
While granular media and liquids are not the same, they share many similar properties, such

as non-rigidity and dense state representations.

There has, however, been work focusing on learning uid dynamics directly from data.
Singh et al. [140] combined a standard uid model with neural networks to learn air ow
over various geometries, producing results superior to the uid model alone. Tompseh
al. [151] also combined a traditional uid dynamics model with machine learning. They
computed the advection of the uid speci ed by the Navier-Stokes equations using a standard

advection model and then used a convolutional neural network to solve the incompressability

2Several of the authors on this thesis were the primary contributors to this paper.
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constraints. They represented the uid using a dense 3D grid, which made it straightforward
to interface with a convolutional network. However in this thesis we use a sparse particle set
to represent uid, which has better tradeo s between computational resources and resolution.
It is less obvious, though, how to perform learning using this representation, although there
are some cases in the literature. Ladicket al. [77] learned uid dynamics with a particle-
based representation. They used regression forests to learn 3D uid dynamics and applied
the forest to each particle individually to compute it's dynamics. In order to facilitate
particle-particle interaction, they pre-computed a set of features for each particle based on
its relation to its neighbors. Because of this, the forest only had to consider the set of features
for each particle and did not need to directly consider particle-particle relations. Mrowca
et al. [102] also used a particle-based representation to compute physical interactions, albeit
with deformable objects rather than uids. They represented each object as a collection
of particles, and used hierarchical graph convolutions to learn the deformation properties
between particles belonging to the same object, allowing them to learn, for example, how
much an object compresses when dropped from a given height. In chapter 8 we develop a

similar method for computing particle-particle interactions using deep networks.
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Chapter 3

LEARNING TO POUR: A FIRST LOOK AT LIQUID
MANIPULATION

For the rst experiment in this thesis we focus on a stereotypical task involving liquids:
pouring. We task the robot with pouring a precise amount of liquid from a source container
into a target container. To focus the investigation, we augment the robot's environment by
placing a scale capable of real-time feedback under the target container. We simplify the
perception of the robot in this chapter to allow us to get an initial sense of what a robot
needs to be able to do to solve this task. We then apply what we learn in this chapter to
investigations in future chapters.

To solve thepouring task in this chapter, we utilize reinforcement learning. Reinforcement
learning is a well studied problem in machine learning [6]. Many researchers have successfully
applied various reinforcement learning methods to di erent virtual domains [96, 15, 123, 93].
There have also been multiple studies applying reinforcement learning to other tasks on real
robotic systems [141, 65]. Work by Konidarigt al. [66, 68, 67] and Niekum [106, 107] looked
at how a robot can solve complicated tasks by chaining learned skills together. But these
works represented learning of rather imprecise, though complex, goals (e.g., pressing a large
button to open a door), which are not as suitable for learning precise control of liquids. Work
by Deisenrothet al. [25, 24] on the PILCO framework and Levinest al. [83, 82] on Guided
Policy Search (GPS) has shown how model-based reinforcement learning frameworks can be
used for precise control tasks such as cart-pole or block insertion. We evaluated both for use
in this chapter and empirically determined that the time-dependent locally-linear dynamics

model used by GPS was more suited to the task at hand.

9The contents of this chapter were published in [129].
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In this chapter, we apply reinforcement learning to the real-world task of pouring precise
amounts of liquid from one container to another. Speci cally, we utilize the reinforcement
learning algorithm Guided Policy Search (GPS) [83] to learn a policy for pouring water. The
goal of the robot is to pour a speci ¢ amount of liquid from a cup (source container) into a
bowl (target container). The precise nature of the pouring task necessitates that the robot
have at least a cursory understanding of the uid dynamics involved, a highly non-trivial

problem.

To solve this task, the robot rst trains a dynamics model from a set of example trajec-
tories. Then, given this dynamics model, it alternates between a single step of trajectory
optimization and updating the weights of a neural network policy to match the optimized
trajectories. Next, the robot rolls out the trained policy on the real system, using the re-
sulting sensor data to retrain the dynamics model. This process repeats until the robot

converges.

Our results show that a robot can successfully utilize this methodology to learn a policy
enabling it to pour a precise amount of liquid. We varied the initial amount of water in the
container, and for each initial amount, the robot attempted to pour a precise amount into
the bowl. The robot converged after approximately 25 iterations. It was able to pour within

10g of the target for all initial conditions.

The rest of this chapter is organized as follows. The next section describes our experi-
mental setup. Section 3.2 lays out the methodology we employed to solve this task in detail.
Section 3.3 describes how we evaluated the robot on the pouring task. Section 3.4 details
the results the robot was able to achieve. And nally section 3.5 concludes the chapter and

describes what our investigation discovered.
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Figure 3.1: The robot used in these experiments. It is a Rethink Robotics Baxter Research
Robot, equipped with two 7-DOF arms. Also shown is the experimental setup with the cup

in the robot's gripper positioned above the table, with the bowl resting on top of the scale.

3.1 Experimental Setup

3.1.1 Robotic Platform

The robot used for the experiments in this chapter was the Rethink Robotics Baxter Research
Robot, pictured in gure 3.1. It is an upper-torso humanoid robot with two 7-degree-of-
freedom arms. Each arm is equipped with an electric parallel gripper. The motors on
each joint can be controlled using position controls (via a built-in PID controller), velocity
controls, or torque controls. We controlled the robot's arm using the velocity control mode.
The joints are equipped with joint encoders and torque sensérsWe use the robot's left arm

for all experiments in this chapter.

We empirically determined that the torque sensors built into the robot's joints are not reliable and so
did not use them here.
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3.1.2 Experimental Environment

The robot was place in front of a small table. On the table was an Adam Equipment HCB
3000 Highland Portable Precision Balance scale. The scale had a maximum capacity of three
kilograms and a resolution of one tenth of one gram. This scale was selected for its ability to
provide real-time readings via USB cable to an attached computer. The scale has a built-in
lter that introduces an approximately 0:5 to 1:0 second sensor delay in the measurements
taken from the scale. On top of the scale was placed a medium sized plastic mixing bowl.
A plastic cup was placed in the robot's left gripper. This con guration is shown in gure
3.1. The cup was pre- lled by the experimenters with a precise amount of water between

two-hundred and four-hundred grams.

3.1.3 Data Collection

We ran 500 pouring trials. Each trial began with the cup already in the robot's gripper and
pre- lled by the experimenter. The trial ended after exactly twenty- ve seconds had passed,
regardless of whether or not the robot had poured any liquid. During each trial, the robot's
joint angles, joint velocities, and the scale value were recorded at a rate of two hertz. While
the robot is equipped with many other sensors, the robot only used it's own joint angles,

velocities, and the scale value to learn the pouring task.

3.1.4 State Space

In order to isolate the precise pouring task, we xed the robot's wrist over the bowl on the
table and gave it control only over it's last joint (the wrist joint), e ectively letting it control
only the angle of the cup. The robot used a four-dimensional state space. The rst dimension
was the angle of the robot's wrist in radians, shifted so that zero is when the cup is upright
and when the cup is inverted. The second dimension is the amount, in grams, remaining
to pour until the robot reaches the pouring target. In this way, the target pouring amount

is implicitly built into the state space. The third dimension is the change in the second
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dimension from the last timestep to the current one. And nally, the fourth dimension is
the amount of water in the cup. This amount is initialized to a speci ¢, known amount, and

then updated throughout each trial by subtracting the change in the scale value.
3.2 Methodology

3.2.1 Problem De nition

Let X 2 RY be the d dimensional state space the robot operates in, and I&,; X be
the set of valid starting states. The goal of the robot is to learn a policy(x;; ) ! u; that
minimizes a cost functionl, wherex; is the state at timet, u; is the robot's control signal at
time t, and is the learned policy parameters. The robot must learn a policy that, from any
inTitiaI state x; 2 Xint , generates a trajectory Xi;uq); 5 (Xt;uUt); (X7+1) that minimizes
X

[I(Xj;ui)] + I(Xt+1) over a xed horizonT.
i=1

3.2.2 Algorithm Overview

We use a modi ed version of Guided Policy Search [83] to train policy parameters The
robot is given N initial example trajectories = f(x1;U1); 5 (XT;UTt); (XT41)0Y, Wherex,
is the state of the robot at timet and uy is the control applied at timet. Next the robot
trains a time-based dynamics modeﬂ}(xt; Uy) ! X1 . Using this model, the robot alternates
between optimizing the trajectories using an iLQG [146] backward pass and optimizing
the policy parameters to match the updated trajectories. Next the robot uses the policy
(X¢; ) ! u¢ to rollout from each starting state x, in each trajectory ;. Finally, the robot

retrains the dynamics modeF; and repeats this process until convergence.

3.2.3 Learning the Dynamics Model

We use a very similar learned dynamics model to [82]. The robot must learn the function
f’\(xt; ui) ! X1 Mapping the statex; and control u; at the current timestep to the next state

Xt+1 - The dynamics model is a time-based, locally linear model with a Gaussian mixture
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model over the prior. Since the model is local, the robot learns a separate model for each
of the N example trajectories. The rest of this section will describe the training process for
one model.

Given a training set ~= f(xq;U41); 5 (XT;Ut); (XT42)0", where M is the number of
iterations so far, the robot learns a separate linear functioﬁ(xt; Uy) ! X4 for all timesteps
t. For applications on real robots, though, the number of training trajectorie$1 can often
be too small compared to the dimensionality of the state space to t a linear model at each
timestep, so instead the robot learns an equivalent model and uses shared dynamics between
timesteps to compensate for the small amount of training data at each timestep.

At each timestep, the robot ts a multivariate GaussianN ( {; ) over the concatenated
vectors hx; ug; X211 Which we write ashx;u;x9 for simplicity. To predict the next state
after timestept givenx and u, the robot can simply condition the normal distribution onx

and u and solve forx®as follows:

x%= x0F  xohui hxj;-uihx;ui h; ui hx;ui
where , is the components of who's elements pertain toa, and ., is the covariance
betweena and b extracted from . Note that we only use the mean of the conditional

distribution over x%in this paper.

Estimating the Model Parameters

Let and be the empirical mean and covariance respectively for albx;; uy; X+, 1 for all
t. The robot estimates an inverse-Wishart prior over the parameters of th€ Gaussian
distributions N ( ¢; ). The prior has parameters , ,, m, and n. The parameters ; and

¢ for the distribution at time t are estimated as follows:

A T
o m o+ MM +M 7t mn,l] (M 0)( "t 0)
! m+ M ! M + ng

where 4 and ", are the empirical mean and covariance respectively of the $bk,; u; X1 ig" .
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The prior parameters , o, m, and n are estimated as

= Ng 0= m =ng=1:

Approximating Non-Linearity With a Gaussian Mixture Model

While the above method for estimating the Gaussian parameters and e ectively re-
duces the number of training data points required at each time poirtt the inverse-Wishart
prior enforces a global linearity assumption on the dynamics model, as opposed to a local

linearity assumption, which can make it di cult for the robot to operate in highly non-linear

environments.

.....

Then, for eacht 2 [1; T], the robot estimates the prior parameters and ( (ng and m remain
constant at 1) as X
p(fhx; ug Xea igMj 15 1)

- 7X

p(fhxe; Ue; Xe+1i@™j 13 1)
X .
p(fhxt;ut;XHlIg ] i i) i

- 7X

p(fhxe; ue; X2 igMj o0 1)

i
where ; and ; are the mean and covariance of thah mixing element. Essentially, and
o are the weighted average of each mixing element. In this paper, we used the standard
implementation of Gaussian mixture models built into the Matlab Statistics and Machine

Learning Toolbox [1].

3.2.4 Trajectory Optimization

Given a trained dynamics modef” and set of example trajectories, the robot must optimize
those trajectories with respect to a given cost functioh However, if the robot used directly

during trajectory optimization, the policy may be unable to approximate the example
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trajectories. Instead the robot uses the modi ed cost function
| (x;u; )= I(x;u)+ ku  (x)k?

where kxk is the L2-norm and is the weight given to the second term of the equation.
Informally, the second term ofl enforces that whatever trajectory the optimizer nds, it

should stay close to the policy.

iLQG Backward Pass

For each trajectory ; 2 , the robot performs an iLQG backward pass to optimize the
trajectory. It splits the combined optimization problem overuy;:::;ur into individual opti-
mizations for eachu; by optimizing the Q-function backwards in time, starting at time T.

The Q-function is given by
Q( X U) =1 (X¢+ X Up+ U+ Vier (F(Xe+ X ug+ uy))

where x; and u; are the updates to apply tox; and u; respectively, andV,.; is given by
h [
Ve () =min- 1 (x;u) + Veaz (F(x;0))
The robot minimizesQ with respect to u; by taking the rst and second derivatives ofQ.
V is intractable to di erentiate directly, so the robot approximatesV;.; by substituting the
next timestep's result, Q( Xi+1; U1 ), In place of Vi, . Thus it is necessary to work back-
wards through the trajectory so that Q( X+1; Ut+1) is already computed when computing
Q( X¢; Uy).
For further details of the iLQG algorithm, please refer to [146].

3.2.5 Policy Learning

Given the set of example trajectories = f(x1;Uu41); 5 (XT;uUTt); (XT41)gY, tting the policy
parameters can be framed as a simple regression problem, i.e., train the parameters to

map everyx; ! u;. However, ifN and T are small (e.g., 10 and 50, respectively), then that
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can leave relatively few training points for high-dimensional state spaces, which can make it
di cult for the policy to smoothly t a function over the uncovered areas of the space.
To solve this, the robot utilizes the gains matricet; generated during the iLQG backward

pass to generate more training data points. The matrix., is used as follows

Ur = O+ L (X Ry)

where ®; and 0, are the open-loop trajectory found by iLQG at timet, and x; and u, are
the actual state and controls when rolling out the trajectory on the real system. Intuitively,
L: computes how much to alter the open-loop contral, based on the di erence between the
open-loop stateR; and the actual statex;. Thus, L; makes the open-loop trajectory into a
local policy around that trajectory.

To generate more data points, the robot draws many samples from a small Gaussian
around eachx; 2 , and then uses the corresponding gains matrlx, to generate the controls
for each sampled point. Adding these sampled data points to the original training data
points, the robot can then formulate learning the policy parametersas a standard regression
problem. For the experiments in this chapter, the robot used a neural network to learn the
policy.

Note that it is critical to the success of the robot to tightly interleave the trajectory opti-
mization and policy learning iterations. That is, the robot does exactly one iLQG backward
pass on each example trajectory, followed by updating the policy parameterdo better t
the example trajectories. The robot repeats this inner loop multiple times before rolling out
the policy in the real environment, and then returning to the inner loop. If the trajectory
optimization and policy learning were not tightly interleaved, then the trajectory optimiza-
tion could easily optimize the example trajectories in a way that would make it very di cult
or impossible for the policy to learn. Instead, interleaving them in this manner keeps the
policy \close" to the trajectory optimizer, and the policy deviation term in the cost function
prevents the trajectory optimizer from moving the trajectories too far from what the policy

can learn.
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Input Hidden Element-Wise Output
Layer Layer Product Layer

Figure 3.2: The neural network used to learn the policy. The input layer is fed into a fully-
connected hidden layer, and then the output of the hidden layer is element-wise multiplied

by the input layer, which is nally fed into the output layer.

Training the Neural Network

The neural network layout used by the robot is shown in gure 3.2. The inpuk; is fed into
a hidden layer with jx;j hidden units. The output of each is the linear combination of its

input fed through a recti ed linear function, i.e.,

hi(x;) = max (x; w;j;0)

wherew; is the set of weights for node. Next, the output of the hidden layer is multiplied
element-wise with the input. Finally, the result of the element-wise product is combined

linearly into the output of the network.

This neural network was implemented using the Ca e deep learning framework [58]. We

used the built-in backpropagation to t the weights of the network to the training data.
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3.2.6 Handling Delay

In the experiments we run in this chapter, there is a non-trivial amount of sensor delay that
complicates the problem. In section 3.1.2, while describing the experimental environment,
we stated that the real-time scale underneath the target container has a delay of 0.5s to 1s
between when the weight changes and when it sends that change to the robot. Furthermore,
there is also delay between when the robot changes the pose of the source container and when
the liquid falls and lands in the target. Combined, these two mean that there will be a delay
between when the robot takes an action and when that action a ects the state. In order
to learn in an environment with delay, the robot augments it's reasoning about states to
include the previousn states. Thus, when learning the dynamics model, the function maps
the previous n states and controls to the next state, i.e.,f'\(xt U no X U) b Xesr
Additionally, when learning the policy, it takes into account the previousn states as well,
e, (Xt n;i5Xe; ) ! ug. So long as the previous states cover the length of the delay,
reasoning about them allows the robot to combine both delayed and non-delayed sensor

readings to predict the next state or control.

3.3 Evaluation

We evaluated the robot on the pouring task. The robot's arm was xed over the bowl, and
a cup was placed in its gripper. It was given control over its wrist joint so that it could
control the angle of the cup. The robot controlled the angle by setting the angular velocity
of its wrist joint. The cup was initialized upright before each trial and pre lled by the
experimenter. The goal of the robot was to pour a speci c amount of water into the bowl,
and to be as accurate as possible.

We set the number of example trajectorieN to 10, and varied the initial amount of
water in the cup for each trajectory uniformly between 200 and 400 grams, and we xed
the pouring target at 100 grams. The trajectories were initialized using a standard PID

controller. We xed n, the number of previous states to include, at 4 (i.e., the current state
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plus the 3 previous). The horizon for every trajectory was xed to 50 timesteps, which, given
a 2 hertz sampling rate, meant each trajectory lasted exactly 25 seconds. We chose to sample
at 2 hertz to balance between havingn high enough to cover the entire length of the sensor

delay yet low enough to not cause the augmented state space to be too high-dimensional.

At the start of each iteration, the robot trained the dynamics model. Next, the robot
alternated between one step of trajectory optimization and tting the policy 10 times each.
After nishing the inner loop of the algorithm, the robot rolled out each of the 10 trajectories
from their starting states on the real system using the learned policy. Finally, the robot
updated each example trajectory with the results of the real rollout, and then began the

next iteration.

3.4 Results

The results are shown in gure 3.3. The error is reported in the number of grams of deviation
the robot was from the target, that is, after a rollout, the di erence between the number of

grams of water in the bowl and the desired number, with values closer to 0 meaning better
performance. Figure 3.3a shows the error for each example trajectory after each iteration.
Figure 3.3b shows the mean and standard deviation of the example trajectories shown in

gure 3.3a.

From the graphs, it is clear that the robot converged after approximately 25 iterations.
Looking closely at gure 3.3a, it is apparent that iteration 33 was the rst iteration where
the robot was able to pour within 10 grams of the target for all trajectories. Furthermore,
gure 3.3b shows that after iteration 23, the standard deviation of the robot's error falls
below 10 grams. In our experience, an accuracy ofl0 grams is approximately what can be
expected of a human performing the same task. Thus, the graphs in gure 3.3 show that the

robot, after approximately 25 iterations, was able to converge to human-level performance.
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(a) Error for each of the example trajectories

(b) Mean and standard deviation of the error

Figure 3.3: The error in grams after each iteration. The error is how far the robot was from

the pouring target at the end of the rollout.
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3.5 Discussion

In this chapter, we used Guided Policy Search to train a policy on a real robot to solve a
task with non-trivial sensor delay. Speci cally, the robot learned a policy for the pouring
task. The goal of the robot was to pour a precise amount of water. It did this by iteratively
pouring with its current policy, training a dynamics model, and then updating the policy
using trajectory optimization. The robot was able to pour within 10 grams of the target
(100 grams) after 33 iterations.

We showed that the robot was able to reach human-levels of performance on the pouring
task. While this may not be high enough for tasks such as high precision manufacturing,
it is su cient for many household tasks such as cooking. Furthermore, we showed that,
using a generic robotic platform, a robot can successfully learn to manipulate uids. This
is important for work in later chapters. Here we showed how that if the robot could know
the rate of change of liquid from the cup to the bowl, then it can successfully pour precise
amounts. In the next chapter we examine how a robot can eschew the real-time scale and
instead use a generic color camera to perceive the liquids. After that, in chapter 5 we come
back to the problem of pouring precise amounts of liquids, albeit using a camera instead of
a scale. What we learned in this chapter showed us how a robot can pour speci c amounts

of liquid, and we apply that in the next two chapters.

3.5.1 Practical Takeaways

In addition to the insights discussed above, there are several more technical insights we
found while performing the research in this chapter. Most of the motivation for our choices

in methodology was due to the sensor delay introduced by the real-time scale. The scale
used a proprietary algorithm built-in to the microcontroller in the scale itself to smooth

the output values. This algorithm was not consistent and caused a delay of approximately
0.5 to 1 seconds between when the mass on the scale changed and when it reported the

change. Additionally, because the algorithm was proprietary, we could not counteract this
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varied delay in our own code. We initially attempted to use the PD controller (the controller
we used to initialize the example trajectories for GPS) to solve the task directly, without
signi cant learning. However, due to the variable delay, the PD controller's performance was
inconsistent, sometimes performing well and sometimes overpouring by a signi cant amount
due to a large sensor delay. The only way to guarantee good performance was to make the
controller pour incredibly slowly, a not very practical approach.

Due to this unknown, variable delay, we determined that a learning approach was nec-
essary. We initially attempted to use PILCO [24], a framework for learning control policies
from data. Similar to GPS, PILCO uses the example trajectories to train a dynamics model.
However, PILCO uses Gaussian processes rather than a time-varying locally-linear model to
learn the dynamics, and uses the direct policy gradients method to update the parameters of
the policy. We spent much research time (several months) attempting to teach the robot to
pour using PILCO to no avail. The Gaussian processes were unable to accurately model the
dynamics, even with the inclusion of several prior states. We switched to the time-varying
locally-linear models used by GPS, which were able to model the dynamics, however only
locally. Because of this, the direct policy gradient method employed by PILCO was not
applicable, so we switched to GPS. By using GPS, we were able to successfully teach the

robot to pour precise amounts of liquid.
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Chapter 4

LEARNING TO SEE: TEACHING ROBOTS TO PERCEIVE
LIQUIDS

In the last chapter we looked at how the robot could control liquids in a precise pouring
task. There, the robot used a real-time scale to sense the rate of transfer. However, this
kind of sensor will not always be available and it may not always be possible to augment the
environment with it. One alternative to a scale are the force-torque sensors in a robot's arm.
While these may be useful in expensive industrial robots, in inexpensive modern robots,
the kind most likely to appear in unstructured homes due to their lower cost, force-torque
sensors are often noisy and unreliable, making them unsuitable for precision control. Another
alternative is to use a commercially available depth sensor such as a Microsoft Kinect, which
has been used for rigid object localization [135]. However, due to their translucent nature,
liquids do not reliably appear on depth cameras. Instead, we examine perceiving liquids
using a more common and inexpensive general-purpose sensor, a color camera.

Speci cally, we examine the problem operceivingliquids. That is, we ask the question
Where in the raw visual data stream is liquid?fo solve this problem, we take advantage of
recent advances in the eld of deep learning. This approach has been extremely successful
in various areas of computer vision, including classi cation [72], semantic labeling [29], and
pose regression [38], and it enabled computers to successfully play Atari games from raw
image data [47] and train end-to-end policies on robots [82]. The ability of deep networks to
process and make sense of raw visual data makes them a good t for the task of perceiving
liquids.

In this chapter, we focus on the task of pouring as our exemplar task for learning

9The contents of this chapter were published in [130] and [133].



41

about liquids. While researchers have already worked on robotic pouring tasks, previ-
ous techniques made simplifying assumptions, such as replacing water by an easily visible
granular medium [165], restricting the setting such that no perceptual feedback is neces-
sary [79, 108, 144, 18], requiring highly accurate force sensors [127], detecting moving liquid
in front of a relatively static background [163], or dealing with simulated liquids only [73, 74].
Here, we show how fully-convolutional deep networks (FCNs) can be trained to robustly per-
ceive liquids and how they can be modi ed to perform better at generalization. To collect
the large amounts of data necessary to train these deep networks, we utilize a realistic liquid
simulator to generate a simulated dataset and a thermal camera to automatically label water
pixels in a dataset collected on the real robot.

Our results show that the methodology we propose in this paper is able perceiveliquids
quite well. Speci cally, they show that recurrent networks are well-suited to this task, as
they are able to integrate information over time in a useful manner. We also show that, with
the right format of the input image, our neural networks can generalize to new data with
objects that are not included in the training set. These results strongly suggest that our
deep learning approach is useful in a robotics context, which we demonstrate in the following
chapter with a closed-loop water pouring experiment.

The rest of this chapter is laid out as follows. The next section describes the task we
investigate in this paper. The sections after that describe how we generate our simulated
dataset and performed the pouring trials on our robot, followed by a discussion of our learning
methodology. We then describe how we evaluate our networks and present experimental

results. And nally, the last section concludes the chapter with a discussion of the results.

4.1 Task Overview

In this chapter we investigate the task ofperceivingliquids. We evaluate the robot on the
perceptiontask of detection We de ne detectionto be determining what in the raw sensory
data is liquid, and what is not liquid. Speci cally, given an image, the robot must produce

pixel-wise labelsliquid for pixels containing liquid and not-liquid for pixels not containing
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(a) Untextured (b) Background (c) Background+Video  (d) Fully Textured

Figure 4.1. The scene used to simulate pouring liquids. The background sphere is cut-away
to show its interior. From left to right: The scene shown without any texture or materials;
The background image sphere texture added; The video on the plane added in addition to

the background texture; and The scene fully textured with all materials.

liquid. For this chapter, we focus on the task of pouring as it is a common task involving
liquids and presents a challenging perception problem. We also consider images in the context
of sequences, that is, we don't consider images as static scenes in isolation but rather as a
part of a series, and we allow the robot to utilize that in solving the task.

We evaluate our neural networks on the task aletectionin both simulation and on data
collected on a real robot. For the simulated dataset, we generated a large amount of pouring
sequences using a realistic liquid simulator. As it is simple to get the ground truth state
from the simulator, we can easily evaluate our methodology on the simulated data. For
evaluations using real-world data, we carried out a series of pouring trials on our robot. We
use a thermal camera in combination with heated water to acquire the ground truth pixel

labels.
4.2 Simulated Data Set

We use a simulated to perform some of the evaluations of our methodology. The dataset
contains 10,122 pouring sequences that are 15 seconds long each, for a total of 4,554,900

images. Each sequence was generated using the 3D-modeling program Blender [11] and the
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library EI'Beem for liquid simulation, which is based on the lattice-Boltzmann method for
e cient, physically accurate liquid simulations [69].

We divide the data generation into two steps: liquid simulation and rendering. Liquid
simulation involves computing the trajectory of the mesh of the liquid over the course of the
pour. Rendering is converting the state of the simulation at each point in time into color
images. Liquid simulation is much more computationally intensive than renderidgso by
splitting the data generation process into these two steps, we can simulate the trajectory of
the liquid and then re-render it multiple times with di erent render settings (e.g., camera
pose) to quickly generate a large amount of data. We describe these two steps in the following

sections.

4.2.1 Liquid Simulation

The simulation environment was set up as follows. A 3D model of the target container was
placed on a at plane parallel to the ground, i.e., the \table." Above the target container
and slightly to the side we placed the source container. This setup is shown in Figure 4.1a.
The source container is pre- lled with a speci c amount of liquid. The source then rotates
about the y-axis following a xed trajectory such that the lip of the container turns down
into the target container. The trajectory of the liquid is computed at each timestep as the
source container rotates. Each simulation lasted exactly 15 seconds, or 450 frames at 30
frames per second.

For each simulation, we systematically vary 4 variables:

Source Container- cup, bottle, or mug
Target Container - bow| dog dish or fruit bowl

Fill Amount - 30%, 60%, or 90%

1Generating one 15 second sequence takes about 7.5 hours to simulate the liquid and an additional 0.5
hours to render it on our Intel Core i7 CPUs.
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Source Containers

(a) Cup (b) Bottle (c) Mug

Target Containers

(d) Bowl (e) Dog Dish (f) Fruit Bowl

Figure 4.2: The objects used to generate the simulated dataset. The rst row are the three
source containers. The last row are the 3 target containers. The objects are each shown here

with 1 of their possible 7 textures.

Trajectory - partial, hold, or dump

The 3 source containers we used are shown in Figures 4.2a, 4.2b, and 4.2c, and the 3 target
containers we used are shown in Figures 4.2d, 4.2e, and 4.2f. Each source container was lled
either 30%, 60%, or 90% full at the start of each simulation. The source was rotated along
one of three trajectories: It was rotated until it was slightly past parallel with the table,
held for 2 seconds, then rotated back to upright (partial); It was rotated until it was slightly
past parallel with the table, where it stayed for the remainder of the simulation (hold); or

It was rotated quickly until it was pointing nearly vertically down into the target container,
remaining there until the simulation nished (dump). The result was 81 liquid simulations

(3 sources 3targets 3 Il amounts 3 trajectories).
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4.2.2 Rendering

To generate rendered pouring sequences, we randomly select a simulation and render pa-
rameter$. We place the camera in the scene so that it is pointing directly at the table
top where the target and source containers are. In order to approximate realistic re ections
on the liquid's surface, we enclose the scene in a sphere with a photo sphere taken in our
lab set as the texture (shown in Figure 4.1b). Next we place a video of activity in our lab
behind the table opposite the camera (shown in Figure 4.1c). We took videos such that they
approximately match the location in the image on the background sphere behind the video
plane. We randomly select a texture for the source and target containers, and we render
the liquid as 100% transparent (but including re ections and refractions). We also vary the

re ectivity of the liquid as well as its index of refraction to simulate slight variations in the
liquid type. Figure 4.1d shows the full scene with textures, video, and background sphere.

We randomly select from the following N parameters for each rendered sequence:

Source Texture- 7 preset textures

Target Texture - 7 preset textures

Activity Video - 8 videos

Liquid Re ectivity - normal or none

Liquid Index-of-Refraction - air-like, low-water, or normal-water
Camera Azimuth- 8 azimuths

Camera Height- high or low

Camera Distance- close, medium, or far

2The number of parameters makes it infeasible to evaluate every possible combination.
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Visible

RGB

Figure 4.3: Examples of frames from the simulated dataset. The top row is the raw RGB
images generated by the renderer; the bottom row shows the ground truth liquid location

for visible liquid.

There are 48 total camera viewpoints. The camera azimuth is randomly selected from 1 of 8
possibilities spaced evenly around the table. The height of the camera is selected such that
it is either looking down into the target container at a 45 degree angle (high, left column in
Figure 4.3) or it is level with the table looking directly at the side of the target (low, right
column in Figure 4.3). The camera is placed either close to the table, far from the table,
or in between. The output of the rendering process is a series of color images, one for each

frame of the sequence.

4.2.3 Generating the Ground Truth

We generate the ground truth for each image in each rendered sequence as follows. We set
the liquid mesh to render as a solid color irrespective of lighting. Then we make all other
objects in the scene solid black irrespective of lighting. This makes it simple to distinguish
between which pixels contain liquid and which do not. Several examples are shown in gure
4.3) with the rendered RGB image on the top and the corresponding pixel labels on the

bottom.
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Figure 4.4: The robot used in the experiments in this chapter. It is shown here in front of a

table, holding the bottle in its right gripper, with the fruit bowl placed on the table.

4.3 Robot Data Set

4.3.1 Robot

The robot used to collect the dataset is shown in Figure 4.4. It is a Rethink Robotics Baxter
Research Robot, an upper-torso humanoid robot with 2 7-dof arms, each with a parallel
gripper. The robot is placed in front of a table with a towel laid over it to absorb spilled
water. The robot is controlled via joint velocity commands. In the experiments in this
chapter, the robot uses only one of its arms at a time. The arm is xed above the target
container and the robot controls the joint velocity of its last joint, i.e., the rotational angle

of its wrist.

4.3.2 Sensors

The robot is equipped with a pair of cameras mounted to its front immediately below its
screen. The rst camera is an Asus Xtion RGBD camera, capable of providing both color and

depth images at 640 480 resolution and 30 Hz. The second camera is an Infrared Cameras
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(a) RGB (b) Thermal (c) Threshold (d) Overlay

Figure 4.5: An example of obtaining the ground truth liquid labels from the thermal camera.
From left to right: The color image from the RGBD camera; The thermal image from the
thermal camera transformed to the color pixel space; The result after thresholding the values

in the thermal image; and An overlay of the liquid pixels onto the color image.

Inc. 8640P Thermographic camera, capable of providing thermal images at 64812 reso-
lution and 30 Hz. The thermal camera is mounted immediately above the RGBD camera's
color sensor, and is angled such that the two cameras view the same scene from largely sim-
ilar perspectives. The Baxter robot is also equipped with joint-torque sensors, however the

signal from these sensors is too unreliable and so we did not use them in these experiments.

Calibration of the Thermal Camera

For our experiments, we use the thermal camera in combination with heated water to acquire
the ground truth pixel labels for the liquid. To do this, we must calibrate the thermal and
RGBD cameras to each other. In order to calibrate the cameras, we must know the corre-
spondence between pixels in each image. To get this correspondence, we use a checkerboard
pattern printed on poster paper attached to an aluminum sheet. We then mount a bright
light to the robot's torso and shine that light on the checkerboard pattern while ensuring it

is visible in both cameras. The bright light is absorbed at di ering rates by the light and

dark squares of the pattern, resulting in a checkerboard pattern that is visible in the thermal
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camerg.

We then use OpenCV'sfindChessboardCorners function to nd the corners of the
pattern in each image, resulting in a set of correspondence poird"™™ and PRCB . Wwe
compute the a ne transform T between the two sets using singular-value decomposition.
Thus to nd the corresponding pixel from the thermal image to the RGB image, simply

multiply as follows
Tptherm — pRGB

where p"®™ s the xy coordinates of a pixel in the thermal image, ang®®® are its corre-
sponding xy coordinates in the RGB image.

It should be noted that T is only an ane transformation in pixel space, not a full
registration between the two images. That isT is only valid for pixels at the speci ¢ depth
for which it was calibrated, and for pixels at di erent depths, Tp"®™ will not correspond
to the same object in the RGB image a$"™™ in the thermal image. While methods do
exist to compute a full registration between RGB and thermal images [116], they tend to be
noisy and unreliable. For our purposes, since the liquids are always a constant depth from
the camera, we opted to use this a ne transform instead, which is both faster and more
reliable, resulting in better ground truth pixel labels. While our RGBD camera does provide
depth values at each pixel, the liquid does not appear in the depth readings and thus we
could not use them to compute the full registration. Figure 4.5 shows an example of the

correspondence between the thermal image and the RGB image.

4.3.3 Objects

For the robot dataset, we used two sets of objectsource containersand target containers
We used 3 di erent source containers, theup, the bottle, and the mug shown in 4.6a, 4.6b,
and 4.6¢c. Thebottle and mug were both thermally insulated, and we wrapped theup in

insulators. This was done so that the robot could use the same source container from trial

3Albeit inverted as the black squares absorb more light than the white, thus appearing brighter in the
thermal image. However we only care about the corners of the pattern, which are the same.
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Source Containers

(&) Cup (b) Bottle (c) Mug

Target Containers

(d) Bowl  (e) Fruit Bowl (f) Pan

(g) Small Bowl (h) Tan Mug (i) Redgray Mug

Figure 4.6: The objects used to collect the dataset. The rst row are the three source

containers. The last two rows are the 6 target containers.
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to trial without the object accumulating heat and appearing the same temperature as the
liquid in the thermal image. The only exception to this was the lid of themug which was
not thermally insulated. It was submersed in cold water between each trial to prevent heat
build-up.

We used two di erent types of target containers, 3 large containers and 3 small. The 3
large containers were thdow| the fruit bowl, and the pan shown in Figures 4.6d, 4.6e, and
4.6f. The 3 small containers were themall bow] the tan mugand the redgray mugshown in
4.69, 4.6h, and 4.6i. Each target container was swapped out at the end of each trial to allow

it time to dissipate the heat from the hot liquid.

4.3.4 Data Collection

We collected 1,009 pouring trials with our robot. For every trial on our robot we collected
color, depth, and thermal images. Additionally we collected 20 pouring trials for evaluating
our methodology's generalization ability with objects not present in the training set. We
collected 648 speci cally for the perception task in this chapter while the remaining 361 were
collected while performing the pouring experiments in the next chaptér

For the 648 pouring trails collected here on our robot we did the following. We xed
the robot's gripper over the target container and placed the source container in the gripper
pre- lled with a speci c amount of liquid. The robot controlled the angle of the source by

rotating its wrist joint. We systematically varied 6 variables:

Arm - left or right

Source Container- cup, bottle, or mug

Target Container - bow| fruit bowl, or pan

4The experiments in the following chapter were conducted contemporaneously with the experiments in
this chapter and so we were able to add the data collected in those experiments to train the model-free
volume estimation networks to our dataset here since it is largely the same format.
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Fill Amount - empty, 30%, 60%, or 90%

Trajectory - partial, hold, or dump

Motion - minimal, moderate, or high

We used both arms, as well as varied the source containers. We also used the 3 large target
containers to contrast with the 3 small ones used in the other data (described in the next
chapter). In addition to various Il percents, we also included trials with no liquid to provide
negative examples (which we use for both training and evaluating our networks). The robot
followed three xed pouring trajectories: one in which it tilted the source to parallel with the
ground and then returned to vertical; one in which it tilted the source to parallel with the
ground and held it there; and one in which the robot quickly rotated the source to pointing
almost vertically down into the target. Finally, we added motion to the data. For minimal
motion, the only motion in the scene was the robot's with minimal background motion. For
moderate motion, a person moved around in the background of the scene while the robot
was pouring. For high motion, a person grasped and held the target container and actively

moved it around while the robot poured into it.

Test Data

We also collected 20 pouring trials on our robot to evaluate our methodology's generalization
ability. We used the target containers in Figure 4.7 which were not included in the training
datasets described in the previous sections. For each object, we recorded 3 trials using the
mug as the source container, the robot's right arm, and we lled the source initially 90%
full. We collected one trial for each of the pouring trajectories described previously (partial,
hold, and dump) with minimal background motion. We collected 2 more trials with each
object where we xed the pouring trajectory ( xed as dump) and varied the motion between

moderate and high. Overall there were 5 trials per test object for a total of 20 test trials.
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(a) Blue Bowl (b) Tan Bowl

(c) Gold Mug (d) Teal Mug

Figure 4.7: The target containers used to create the testing set.

4.3.5 Generating the Ground Truth from Thermal Images

We process the thermal images into ground truth pixel labels as follows. First, we normalize
the temperature values for each frame in the range 0 to 1. For all frames before liquid appears,
we use the normalization parameters from the rst frame with liquid. We then threshold
each frame at 0.6, that is, all pixels with values lower than 0.6 are labeledt-liquid and all
pixels higher are labelediquid.

While this results in a decent segmentation of the liquid, we can further improve it by
removing erroneously labeled liquid pixels. For example, during some sequences the robot
brie y missed the target container, causing water to fall onto the table and be absorbed by
the towel. While this is still technically liquid, we do not wish to label it as such because after
being absorbed by the towel, it's appearance qualitatively changes. We use the PointCloud
Library's plane tting and point clustering functions to localize the object on the table from

the depth image, and we remove points belonging to the taSiddditionally, for some trials,

SWe keep points above the lip of the target container in the image so as to not remove the stream of
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the lid on the mugdid not properly cool down between trials, and so for those trials we use a
simple depth Iter to remove pixels too close to the camera (the source container is slightly

closer to the camera than the target).

4.4 Learning Methodology

We utilize deep neural networks to learn the task ofletection Speci cally, we use fully-
convolutional networks (FCNSs) [87], that is, networks comprised of only convolutional layers
(in addition to pooling and non-linear layers) and no fully-connected layers. FCNs are well
suited to the tasks in this paper because they produce pixel-wise labels and because they
allow for variable sized inputs and outputs. The following sections describe the dierent

types of inputs and outputs for our networks, as well as the di erent network layouts.

4.4.1 Network Input

We implemented 5 di erent types of input images to feed into our networks. The rst was
the standard RGB image shown Figure 4.8a. This is the type of FCN input most commonly
seen in the literature [49, 125], and we use it as the primary type of input for tasks on the
simulated dataset. However, since the robot dataset is one tenth the size of the simulated
dataset, and thus is more prone to over tting, we also desired to evaluate other types of
images that may help counteract this tendency to over t. The most obvious type of image is
grayscale, which was very commonly used in computer vision methods prior to deep networks
[31]. Figure 4.8b shows a grayscale version of the RGB image in Figure 4.8a.

Inspired by prior work [163], we also evaluated optical ow as an input to the networks.
We computed the dense optical ow for a given frame by calling OpenCV&alcOpticalFlowFarneback
on that frame and the frame immediately prior (for the rst frame we used the following
frame instead). For the parameters to the functiorcalcOpticalFlowFarneback , we set the

number of pyramid levels to 3 and the pyramid scale to 0.5, the window size to 15 and the

liquid as it transfers form the source to the target.
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Inputs
(a) RGB (b) Grayscale (c) Optical Flow
(d) RGB+Optical Flow (e) Grayscale+Optical Flow
Output

(f) Visible Liquid

Figure 4.8: Dierent images of the same frame from the same sequence. The upper part
of this gure shows the dierent types of network inputs (RGB, grayscale, optical ow,
RGB+optical ow, and grayscale+optical ow). The lower part shows the desired network

outputs (pixel labels forliquid and not-liquid).
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number of iterations to 3, and the pixel neighborhood size to 5 with a standard deviation of
1.2. Besides callingalcOpticalFlowFarneback , we did not perform any other ltering or
smoothing on the optical ow output.

The output of the dense optical ow was an xy vector for each pixel, where the vector was
the movement of that feature from the rst frame to the second. We converted each vector
to polar coordinates (angle and magnitude), and further converted the angle to the sine and
cosine values for the angle, resulting in three values for each pixel. We store the resulting
vectors in a three channel image, where the rst channel is the sine of each pixel's angle, the
second is the cosine, and the third is the magnitude. An example is shown in Figure 4.8c
(converted to HSV for visualization purposes, where the angle is the hue and the magnitude
is the value). While [163] showed that optical ow at least correlates with moving liquid, it
is not clear that ow by itself provides enough context to solve thaletectionproblem. Thus

we also evaluate combining it with RGB (Figure 4.8d) and grayscale (Figure 4.8e).

4.4.2 Network Output

The desired output of the network fordetectionis the locations of the visible liquid in the
scene. An example of this is shown in Figure 4.8f. Note that in the case of Figure 4.8f, most
of the liquid is occluded by the containers, so here the robot is detecting primarily the ow
of liquid as it transfers from the source to the target container. The output of each network
is a pixel-wise label con dence image, i.e., for each pixel, the network outputs its con dence

in [0; 1] that that pixel is either liquid or not-liquid.

4.4.3 Network Layouts

All of the networks we use in this paper are fully-convolutional networks (FCNs). That is,
they do not have any fully-connected layers, which means each intermediate piece of data in
the network maintains the image structure from the original input. This makes FCNs well-

suited for tasks which require pixel labels of the pixels from the input image, which our task
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of detectionrequires. Additionally, they allow variable sized input and outputs, which we

take advantage of during training of our networks (described later in the evaluation section).

We use the Ca e deep learning framework [58] to implement our networks

Input Blocks

Each network we implement is built from one or more input blocks. Input blocks are combi-
nations of network layers with di erent types of input. Essentially each is the beginning part
of an FCN. We split our description of our neural networks into input blocks and network
types (below) to simplify it. We combine our di erent types of input blocks with our di erent
network types to create a combinatorially larger number of networks, which we then use to

solve the task ofdetection

Figure 4.9 shows the 3 di erent types of input blocks that we use in this paper. The rst
(Figure 4.9a) is the standard input block used by most of our networks. It takes as input
a single image, which it then passes through 5 conv-pool layers, which apply a convolution,
then a recti ed linear Iter, and nally a max pooling operation. The rst two conv-pool
layers have a stride of two for the max pooling operation; all other layers have a stride of
one. The output of this input block is a tensor with shape 32 HZ % whereH and W are

the height and width of the input image respectively.

The second two input blocks are used for networks that take two di erent types of images
as input (e.g., RGB and optical ow). Figure 4.9b shows the early-fusion approach, which
combines the two images channel-wise and feeds them into a block otherwise identical to the
standard input block. Figure 4.9c shows the late-fusion approach, which feeds each image
into separate copies of the standard input block, and then concatenates the resulting tensors
channel-wise, resulting in a 64 % % tensor. Some work in the literature has suggested
that the late-fusion approach tends to perform better than the early-fusion approach[153],

however in this paper we evaluate this premise on our own tasks.
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Figure 4.9: The 3 di erent types of input blocks. The rst is used when the network takes
only a single type of input; the second two are used when combining two di erent types of
input. Here gray boxes are the feature representations at each level of the network, and the
colored squares are the layers that operate on each representation. Gray boxes immediately

adjacent indicate channel-wise concatenation.
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Network Types
We use 3 di erent types of networks in this paper:

FCN The rstis a standard FCN shown in Figure 4.10a. It takes the output of the input
block and passes it through 2 11 convolutional layers and a nal transposed con-
volution® layer (written as Conv” in the gure). The 1 1 convolutional layers take
the place of fully-connected layers in a standard neural network. They take only the
channels for a single \pixel" of the input tensor, acting similar to a fully-connected
layer on a network that takes the image patch of the response region for that pixel.

Each 1 1 convolutional layer is followed by a recti ed linear lIter.

MF-FCN The second network type is a multi-frame FCN shown in Figure 4.10b. It takes as
input a series of sequential frames, and so has an input block for each frame. Each input
block shares parameters, e.g., the rst convolutional layer in the rst input block has
the exact same kernels as the rst convolutional layer in the second input block, and so
on. The output tensors of all the input blocks are concatenated together channel-wise.
This is then feed to a network structured identical to the structure for the previous

network (two 1 1 convolutional layers followed by a transposed convolution layer).

LSTM-FCN The last network type is a recurrent network that utilizes a long short-term
memory (LSTM) layer [54] shown in Figure 4.10c. It takes the recurrent state, the cell
state, and the output image from the previous timestep in addition to the frame from
the current timestep as input. The output tensor from the input block is concatenated
channel-wise with the recurrent state, and with the output image from the previous
timestep after it has been passed through 3 conv-pool layers. The resulting tensor is
then fed into the LSTM layer along with the cell state. The LSTM layer uses the cell
state to \gate" the other inputs, that is, the cell state controls how the information

in the other inputs passes through the LSTM. The resulting output we refer to as the

6Sometimes referred to in the literature as upsampling or deconvolution.
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Figure 4.10: The three types of networks we tested. The rst is a standard FCN. The second is an FCN

that takes in a series of consecutive frames. The nal is a recurrent network that uses an LSTM layer to
enable the recurrence. As in Figure 4.9, the gray boxes are the feature representations at each level of the
network, and the colored squares are the layers that operate on each representation. Gray boxes immediately
adjacent indicate channel-wise concatenation (the dashed line in the MF-FCN indicates a concatenation over
the range of inputs). N, indicates the size of the output of the input block, with N, = 2 for the late-fusion
blocks and N, = 1 for all other blocks. The LSTM-FCN takes its own output from the previous timestep

as input (lower-left), convolves it through 3 layers, and concatenates it with the output of the input block.

The LSTM layer is implemented using the layout described in Figure 1 of [41]
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\recurrent state" because it is feed back into the LSTM on the next timestep. The
LSTM layer also updates the cell state for use on the next timestep. In addition to being
used in the next timestep, this recurrent state is also fed through a 1L convolutional
layer and then a transposed convolution layer to generate the output image for this
timestep. To maintain the fully-convolutional nature of our network, we replace all the
gates in the LSTM layer with 1 1 convolutional layers. Please refer to Figure 1 of [41]

for a more detailed description of the LSTM layer.

45 Evaluation

45.1 Simulated Data Set

We evaluate all three of our network types on the simulated dataset. For this dataset, we
use only single input image types, so all networks are implemented with the standard input
block (Figure 4.9a). We report the results as precision and recall curves, that is, for every
value between 0 and 1, we threshold the con dence of the network's labels and compute
the corresponding precision and recall based on the pixel-wise accuracy. We also report the
area-under-curve score for the precision and recall curves. Additionally, we report precision
and recall curves for various amounts of \slack," i.e., we count a positive classi cation as
correct if it is within n pixels of a true positive pixel, wheren is the slack value. This
slack evaluation allows us to di erentiate networks that are able to detect the liquid, albeit
somewhat imprecisely, versus networks that re on parts of the image not close to liquid.

We evaluate our networks on two subsets of the simulated dataset: thesd-view set and
the multi-view set. The xed-view set contains all the data for which the camera was directly
across from the table (camera azimuth of O or 180 degrees) and the camera was level with
the table (low camera height), or 1,266 of the pouring sequences. Due to the cylindrical
shape of all the source and target containers, this is the set of data for which the mapping
from the full 3D state of the simulator to a 2D representation is straightforward, which is

useful for our networks as they operate only on 2D images. Timeulti-view set contains all
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data from the simulated dataset, including all camera viewpoints. The mapping from 3D to
2D for this set is not as straightforward.

We trained all three networks in a similar manner. Due to the fact that the vast majority
of pixels in any sequence areot-liquid pixels, we found that trying to train directly on
the full pouring sequences resulted in networks that settled in a local minima classifying all
pixels asnot-liquid. Instead, we rst pre-train each network for 61,000 iterations on crops of
the images and sequences around areas with large amounts of liquid (due to the increased
complexity of the LSTM-FCN, we initialize the pre-training LSTM-FCN with the weights
of the pre-trained single-frame FCN). We then train the networks for an additional 61,000
iterations on full images and sequences. This is only possible because our networks are fully-
convolutional, which allows them to have variable sized inputs and outputs. Additionally,
we also employ gradient weighting to counteract the large imbalance between positive and
negative pixels. We multiply the gradient from eachot-liquid pixel by 0.1 so that the error
from the liquid pixels has a larger e ect on the learned weights.

The full input images to our networks were scaled to 40B00. The crops taken from
these images were 160L60. The single-frame networks were trained with a batch size of 32.
The multi-frame networks were given a window of 32 frames as input and were trained with
a batch size of 1. The LSTM networks were unrolled for 32 frames during training (i.e., the
gradients were propagated back 32 timesteps) and were trained with a batch size of 5. We
used the mini-batch gradient descent method Adam [62] with a learning rate of 0.0001 and
default momentum values. All error signals were computed using the softmax with loss layer
built-into Ca e [58].

45.2 Robot Data Set

For the robot dataset, we evaluate our networks on the task afetection However,detection
on the robot dataset is more challenging than on the simulated dataset as there is less data
to train on. This is a general problem in robotics with deep learning. Deep neural networks

require vast amounts of data to train on, but it is di cult to collect this much data on a
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robot. While there have been some proposed solutions for speci ¢ problems [82, 152], there is
no generally accepted methodology for solving this issue. Here we evaluate utilizing di erent
types of input images to help prevent the networks from over tting on the smaller amount
of data.

Speci cally, we train networks for each of the following input types (with the correspond-

ing input block in parentheses):

RGB (standard input block)

Grayscale (standard input block)

Optical Flow (standard input block)

RGB+Optical Flow (early-fusion input block)
Grayscale+Optical Flow (early-fusion input block)
RGB+Optical Flow (late-fusion input block)

Grayscale+Optical Flow (late-fusion input block)

We train LSTM networks on all of these di erent types of inputs, as well as the single-frame
networks since they are necessary to initialize the weights of the LSTM networks. We use
the same learning parameters and training methodology as on simulated data (pre-training
on crops, gradient weighting, etc.). For brevity, we report our results as area under the curve
for the precision and recall curves for each network.

Unlike for the simulated dataset, where the train and test sets are created by dividing
the dataset, for the robot dataset, we created an explicit test set. To test the robot's
generalization ability, we used target containers that did not appear in the train set. We
train all networks on the entire dataset and test on this explicit test set. To gauge the extent
to which our networks over t to their training set, we report the performance of the networks

on both the train set and the test set.
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45.3 Baseline for the Robot Data Set

For comparison, we implement as a baseline the liquid detection methodology described in
[163] for thedetectiontask on the real robot dataset. We brie y describe that implementation
here. For each image in a sequence, we compute the dense optical ow using the same
methodology as for the neural network method. Next, we compute the magnitude of the
ow vector for each pixel, and create a resulting ow magnitude image. We then perform

the following steps to lter the image as described in Section Il.A of [163]:

1. Erode the image with a square kernel of size 3.
2. Dilate the image with a square kernel of size 3.

3. Apply a temporal lter with size 5 to each pixel, replacing the value in the pixel with

the OR of all the pixels covered by the lter.
4. Dilate the image with a square kernel of size 7.
5. Erode the image with a square kernel of size 11.
6. Dilate the image with a square kernel of size 13.

7. Convolve the image with a 121 lter (12 pixels high, 1 wide) where each value in the

lter is 1/12.
8. Use the result of the prior step to apply as a mask to the result of step 3.
9. Apply the same lter to the result as in step 7.

10. Scale the magnitudes in the resulting image to be in the range O to 1.

Note that some of the hyper parameters we used are adjusted from the values used in [163]

to account for the di erence in image sizes (640480 vs. 400 300 in this paper).
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There are two primary di erences between our implementation and the implementation
in [163]. The rst is the way in which background motion is removed. In that paper, the
authors utilized stereo RGB cameras to localize the optical ow in 3D, and then xed a
region of interest around the liquid, removing all motion not in that region. In our work, we
use a single camera, however our camera also uses structured infrared light combined with
an infrared camera to determine the depth of each point in the image. In order to remove
background motion, we generate a mask by including only pixels whose value is closer than
one meter from the camera. We then smooth this mask by eroding, then dilating twice, then
eroding again, all with a square kernel of size 7. This mask is applied to the optical ow
before applying the Iter steps above.

The second di erence between our implementation and that in [163] is that, in order to be
comparable to our methodology, it must compute a distribution over the class labels, rather
than a single label. In [163] they compute only a binary mask for each image. However, in the
following section we utilize precision-recall curves to compare our methods, which requires
a probability distribution over class labels to compute. We approximate this distribution
using the magnitude of the ow at each pixel, that is, the more a pixel is moving, the more

likely it is liquid.

4.6 Results

4.6.1 Simulated Data Set

Figures 4.11 and 4.12 show the results of training our networks for ttaetection task on
the simulated dataset. Figure 4.11 shows the output of each network on example frames.
From this gure it is clear that all networks have the ability to at least detect the presence of
liquid. However, it is also clear that the MF-FCN is superior to the single-frame FCN, and the
LSTM-FCN is superior to the MF-FCN. This aligns with our expectations: As we integrate
more temporal information (the FCN sees no temporal information, the MF-FCN sees a

small window, and the LSTM-FCN has a full recurrent state), the networks perform better.
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