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Abstract

State estimation is a fundamental problem in computer vision and robotic vision.
Classical computer vision problems involve extracting all relevant information from
a single image or set of images. Conversely in robotic vision, the images are captured
in real-time and require filtering algorithms that track and update target information.
In this report I present a deep learning framework that aims to be applicable in both
these scenarios. I introduce a novel CNN architecture, termed an ‘Innovation CNN’,
that estimates the innovation (difference between current state and desired/expected
state) for a system. The Innovation CNN can be applied in a stochastic gradient
descent framework to refine/update a state estimate using standard numerical opti-
misation techniques. The Innovation CNN can also be applied in a filter algorithm
to update an evolving state estimate. In this report I discuss the literature for online
and offline state estimation that is relevant to the Innovation CNN. The literature re-
view particularly focuses on the initial target problem; object pose estimation. I also
present the formulation, network architecture, and initial results for the application
of the Innovation CNN to object pose estimation. Finally, I outline a research plan

for the remainder of my candidature.
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Chapter 1

Introduction

1.1 State Estimation

In control theory, a state is an internal representation of a system that is sufficient
to fully define the future evolution of all system variables. A state estimator is an
algorithm that enables the extraction of information about features of a system that
are not explicitly provided by the available data. The problem of obtaining a state
estimate is relevant to applications within a variety of areas, from robotics and com-
puter vision to economics and finance. For example, in robotics a state estimator
could estimate the motion of the robot, given information from the robot’s sensors.
Likewise, many applications within computer vision involve estimating attributes of
a scene, such as 3D structure, from a given image. These two examples highlight a
key distinction between state estimator applications: those applied online and those
applied offline. The types of algorithms used for state estimation are generally dif-
ferent for each of these two application categories. This report proposes the use of
a deep neural network (DNN) as the update component of a state estimation algo-
rithm. This state update term is often referred to as the innovation; the difference
between the current state and the predicted state. It is expected that this concept
could be incorporated into algorithms for either online or offline state estimation.
This report therefore also provides an overview of state estimation problems in both
these categories, limited to applications within robotics and computer vision. Partic-
ular emphasis is placed on the initial target application; offline object pose estimation

from a single image.

1.2 Offline State Estimation

Offline state estimation is at the core of many problems in computer vision. Such

problems typically receive image data as input and estimate features of the scene



such as object type or pose, depth, or 3D structure. As the information comes in the
form of images a particular algorithm architecture, the Convolutional Neural Net-
work (CNN) is widely used in such applications. CNNs attempt to ‘learn” a function
that best approximates the underlying data distribution present in the provided im-
age. This is a challenging proposition, as state spaces of most learning problems are
very large, non-linear, and high-dimensional. This is challenging because the algo-
rithm must learn to converge from a wide range of initial conditions to a very precise
result. For this reason it is often helpful to separately learn a state update that can be
applied to the initial estimate as a refinement (or innovation). In this way the search
space is constrained by the training data to the region of the initial estimate. This
approach has recently proved beneficial in research areas such as object detection

and object pose estimation.

1.3 Online State Estimation

Online state estimation is fundamental in robotics, as robots generally have to inter-
act with a temporally changing environment. State estimation problems in robotics
include robotic manipulation, visual odometry, and simultaneous localisation and
mapping (SLAM). Such problems involve continuously updating a state estimate as
new information becomes available from the robot’s sensors. Algorithms that have
been developed for such problems are often referred to as ‘filters” or ‘observers’. Such
algorithms typically have an innovation term, which is obtained from the previous
state and current sensor measurements. The innovation is generally computed ana-

lytically rather than learnt, as the underlying state space is much more constrained.

1.4 Innovation CNN

This report presents a deep learning-based approach to refining a state estimate. The
approach applies the generalisation capabilities of deep learning to a search space
confined to the region of the initial estimate. The approach involves estimating the
gradient (for fixed input applications), or the innovation for (for iterative applica-
tions). The gradient can be used along with standard optimisation algorithms such
as gradient descent to obtain a refined state estimate. Likewise the innovation esti-
mate can be used along with typical filtering algorithms such as visual odometry to
predict the next state. While a learnt innovation is less optimal than one that is solved
for analytically, it allows well established filtering and observer-based algorithms to

be implemented even when such a solution is not available.
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1.5 Report Structure

The remainder of this report is structured as follows: Chapter [2| presents a review
of the relevant literature, including classical approaches to state updating and re-
finement, and state estimation as a supervised learning problem, with particular
emphasis on the initial target problem of 6D object pose estimation from an RGB
image. Chapter 3| outlines the current research and approach being undertaken to
solve the initial target problem. Note that this chapter outlines two distinct research
directions; robotic harvesting and innovation CNNs. Robotic harvesting was the fo-
cus of this project for the initial 6 months, before a number of circumstances led to
a change of direction. Therefore, the work undertaken related to robotic harvesting
is briefly summarised in this section, and the relevant publication is included in the
Appendix. All other chapters in this report make no reference to this work on robotic
harvesting, but it has been included to provide a complete account of work under-
taken to date. Chapter {4f discusses immediate next steps and future target problems.

Finally, Chapter [5| summarises expected project resource requirements and outputs.



Chapter 2

Literature Review

In the following review, the problem of state estimation has been divided into two
broad categories: offline state estimation and online state estimation. Applications
within these categories that are reviewed are limited to those that are relevant to
robotics and/or computer vision. Offline estimation refers to problems involving a
fixed input, typically an image in the relevant applications, from which information
such as depth, camera or object pose estimation, or object detection can be esti-
mated. Online state estimation, often also referred to as ‘filtering” or ‘observing’,
involves estimating the state based on the previous state and current sensor input in
an temporal process. Applications in this category include visual odometry, robotic
manipulation, optical flow estimation, and simultaneous localisation and mapping
(SLAM). The following review is divided into two sections corresponding to these
two categories, with particular attention payed to the initial target application: object

pose estimation.

2.1 Offline State Estimation

Applications of offline state estimation are wide-ranging in computer vision. All ap-
plications involving static input information, such as an image, from which implicit
information is extracted can be considered an application of offline state estima-
tion. Such applications include object detection, depth estimation, deblurring, super-
resolution, denoising, and object pose estimation, [1}2]. A common approach to such
problems is to formulate them as either classification or regression problems, which
can then be solved in a single step using a DNN (often a CNN). Such an approach
is an example of data-driven modelling, as the algorithms used to estimate the state
rely on training data for their accuracy. Classification and regression via a DNN has
become a very popular approach to offline state estimation in computer vision in

the previous two decades. This revolution is largely due to the current abundance

4



of training data, and the ever-increasing capacity of computational resources. An
overview of some relevant applications is provided below.

Object detection involves locating and classifying objects in an image and labeling
them with a bounding box indicating detection confidence [3]. The two typical ap-
proaches to object detection involve either a) generating region proposals, extracting
high-level features, and classifying the regions [4} 5], or b) directly via either regres-
sion [6] 7] or classification [8] with a single network. Approach a) is viewed as the
traditional method, while method b) has been introduced mainly to allow for real-
time applications. It is reasonable to assume that a network formulated to estimate
object pose via regression could be reformulated to estimate the gradient toward the
correct pose.

Depth estimation involves regressing a per-pixel depth value from a given im-
age. A common approach is to use an autoencoder network architecture involving
a pretrained feature extractor paired with a novel decoder in a supervised learning
framework [9) [10, 11]. Due to a lack of annotated data, there is also substantial in-
terest in self-supervision using a rectified stereo image pair [12, 13]. Similarly to the
previous application, a decoder trained to output a gradient toward the correct depth
appears feasible.

Deblurring involves removing Gaussian blur and motion blur from an image
[14]. Super-resolution involves restoring high-resolution images from one or more
low resolution images [15]. Denoising involves restoring an image corrupted by
Gaussian noise to its original form [16]. In each case, a widely used technique is
to use a CNN to regress to the desired state in an end-to-end framework. Thus it
appears feasible to reformulate these problems into the proposed iterative refinement
framework.

Object pose estimation has been chosen as the initial target problem for this re-

search, and as such is discussed in greater detail below.

2.1.1 Pose Estimation

The initial problem chosen to evaluate the proposed concept is 6D object pose esti-
mation from a single RGB image. This problem is an example of offline state esti-
mation typically performed in a single step with a CNN. Obtaining an accurate pose
of a target object within an image has a range of real world applications, including
robotics, scene understanding, augmented reality, and virtual reality. This problem
is made easier if RGBD images are utilised, however, lack of reliability and envi-

ronmental constraints mean that this is not always possible. Pose estimation from
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a single RGB image is therefore an important research problem. It is also a highly
challenging problem due ambiguity inherent in the visual appearance of objects from
different viewpoints. Due to symmetries objects often appear the same from a range
of viewpoints. Research in object pose estimation can be sub-divided into four gen-
eral areas since the deep learning revolution. These areas are: end-to-end regression
from image to pose, pose classification via a discretised pose space, regression to an
intermediate representation such as keypoints, and pose refinement. These areas are

discussed in detail below.

2.1.1.1  End-to-End Regression

End-to-end pose regression from a single image is a highly challenging task due to
the high dimensional, nonlinear space of rigid 3D rotations SO(3). This is addressed
in [17] by separating and carefully balancing translation and rotation terms in the
loss function, although this is for camera pose estimation, a slightly different prob-
lem. More recently, [18] decouple or ‘disentangle’ translation and rotation terms by
moving the centre of rotation to the centre of the object and representing translation
in 2D image space. In practice, regression to 3D orientation has had limited success
[19] 20]. This is partly due to such methods only covering the small subsection of
pose space that is seen during training [21], which has in turn led to discretisation of

the pose space as discussed below.

2.1.1.2 Pose Classification

Pose classification has typically involved discretising SO(3), while the translation
component is obtained via regression. However, the dimensionality of SO(3) still
provides difficulty, as even a coarse discretisation of ~ 5° leads to over 50,000 possi-
ble cases [20]. [21] approach this problem by decomposing 6D pose into viewpoint
and discretised in-plane rotation. However, as noted in [20], this approach leads
to ambiguous classifications as a change of viewpoint can be nearly equivalent to
a change of in-plane rotation. Furthermore, such classification leads to coarse pose

estimates that require further refinement [21} 22], as discussed below.

2.1.1.3 Pose via an Intermediate Representation

A recent, popular approach to pose estimation is to first regress to an intermediate

representation such as keypoints, from which pose can be obtained via 2D-3D cor-
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respondences and a PnP algorithm [23} 24} 25, 26| 27]. Of these approaches, some,
including [23] 24] regress to a set of bounding box corners. Such methods encounter
difficulty when objects are occluded or truncated. Alternatively, [25] predicts pixel-
wise unit-vectors that in turn indicate direction to keypoints. [26] implements these
vector directions from [25] while also estimating object edge vectors and symme-
try correspondences. Finally, [27] textures objects with a 2D image generated from

spherical or cylindrical projections, and uses these to estimate correspondences.

2.1.1.4 Benchmarks

Popular datasets for object pose estimation include LINEMOD [28], Occlusion LINEMOD
[29], and YCB-Video [18]. Popular metrics for this task include the average dis-
tance (ADD) metric proposed by [28] (or ADD(-S) for symmetric objects), and the 2D
projection metric which computes the mean distance between 2D projections of 3D
model points. A pose is considered ‘correct” in terms of the ADD metric if it is less
than 10% of the models diameter, or in terms of the 2D projection error if it is less
than 5 pixels.

2.1.2 Numerical Optimisation

Offline state estimation does not necessarily need to be performed in a single step.
For some applications, it is helpful to iteratively step towards the optimal solution,
thus reducing the search space at each iteration. Such problems typically involve
utilisation of first order optimisation algorithms such as gradient descent, or sec-
ond order optimisation algorithms such as Newton’s method. An application in this
category involves determining the robotic joint angles that provide a desired config-
uration. This problem is known as inverse kinematics, and is typically solved via
either the image Jacobian, or a numerical optimisation approach such as Newton’s
method [30]. Beyond robotic vision, applications of numerical optimisation are nu-
merous, ranging from investment portfolio management to computing the optimal
shape of mechanical components [31]. Due to the widespread applicability of these
methods, substantial research has been devoted to developing them [31} 32].
Recently, neural networks have been applied to problems typically solved with
numerical optimisation, such as inverse kinematics [33], and 3D reconstruction [34].
Similarly, neural networks have been employed to refine a state estimate provided
from a preceding algorithm, such as a different network. Applications that have
made use of this approach include the initial target application, pose estimation, as

discussed below.



2.1.2.1 Pose Refinement

Of the networks discussed above in Section [2.1.1 several have additional refinement
steps that can be added to improve results. For example, [22] is presented as a refine-
ment step for [18], [35] is presented as a refinement step for [21], and [27] is presented
along with a refinement step. All these methods perform refinement using the ad-
ditional input of a 3D model of the target object. In each case a synthetic image of
the target object is rendered using the initial pose estimate and the 3D model. The
key difference in these approaches is in the representation of the relative pose. [22]
utilises an ‘untangled representation” in which the centre of the object is the centre
of rotation, and translation is estimated in pixel space. [35] represents rotation as a
unit quaternion and translation as a vector in R3. [27] combines these approaches
by estimating rotation relative to the object centre, and estimating translation as a
vector in IR®. These approaches therefore differ mainly in their loss functions, and
all require annotated 3D object models. Figure illustrates the approach used in
[22]. Such networks are conceptually similar to the network proposed in this report,
namely, they receive an input image and a pose estimate, and return an updated
pose estimate. Unlike these approaches however, our method does not require an
additional 3D object model, and can be applied more generally to a variety of appli-
cations not limited to pose estimation. It also iteratively improves the pose estimate
based on established optimisation techniques rather than via visual similarity. It is
therefore feasible to take the refined estimate produced by our network and refine it
further using a pose refinement network which utilises the additional information of
the 3D model.
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Figure 2.1: DeepIM [22] iterative matching architecture.



2.2 Online State Estimation

State estimators involving online data input are often referred to as filters or ob-
servers, which are examples of knowledge-driven modelling. Applications in this
category include visual servoing, visual odometry (VO), optical flow estimation, and
simultaneous localisation and mapping (SLAM).

Visual servoing involves using visual feedback to control a robot [36] for tasks
such as manipulation and grasping. Such tasks are generally solved by minimis-
ing an associated error function, using similar approaches as those used for inverse
kinematics. More recently, tasks such as robotic grasping have incorporated learning-
based pose estimation, followed by classical control [37], or learning the control func-
tion itself [38].

Visual odometry (VO) involves estimating the egomotion of an agent using only
the input from one or more cameras, and is updated iteratively as new image data
becomes available [39]. VO is generally solved by computing relative camera pose
via 3D-to-2D correspondences and a PnP algorithm. Currently popular approaches
to VO include [40], which estimates relative camera pose by minimising photometric
error across image patches, and [41], which minimises photometric error across im-
age features, and jointly optimises for camera intrinsics, extrinsics and inverse depth.
There has been recent interest in approaching VO from a learning perspective. Such
work includes [42], which infers pose directly from a sequence of images for VO
using a Recurrent Neural Network (RNN). Similarly, [43] constructs a VO algorithm
by combining CNNs for depth and velocity estimation.

Optical flow (OF) estimation involves estimating per-pixel motion between con-
secutive frames in an image sequence. OF has traditionally been approached as
an optimisation problem based on hand-crafted image features [44]. Recent work
[45, 46] have cast OF as a learning problem, using iterative residual refinement and
gated recurrent units respectively. [45] is particularly similar to our approach, as
they learn the residual and then reapply the same network to iteratively improve the
estimate. However, rather than taking our approach of learning the residual based
on an initial estimate, [45] instead learn based on the combined performance over
the total number of iterations.

The simultaneous localisation and mapping (SLAM) problem extends VO to in-
clude an estimation of the environment state. This requires a large state vector, of
the order of the number of landmarks. Solutions to the SLAM problem typically in-
volve a Bayesian filter such as the Extended Kalman Filter [47], or optimisation-based

[48, 149]. Recently a new approach has emerged, formulating SLAM as a non-linear
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observer problem [50, 51]. The advantage of this is it removes the necessity to lin-
earise the system equations. Like previous applications, there have also been recent
efforts to apply learning to the SLAM problem. In some cases learning has been
incorporated as front-end feature extraction [52} 53] for an optimisation-based back-
end. Efforts have also been made to develop an entirely learned SLAM pipeline
[54].

2.3 Summary & Common Challenges

Problems involving offline state estimation via regression or classification from a
fixed-input are typically solved with a data-driven modelling approach such as a
deep learning algorithm. Estimates provided by these algorithms can be refined
further through the use of a separate neural network, as discussed above for pose re-
finement. This refinement is generally done without incorporating any knowledge-
driven optimisation techniques. Conversely, problems involving online state esti-
mation often utilise knowledge-driven modelling approaches involving numerical
optimisation or filtering algorithms. Some recent work has explored the possible
uses of deep learning within these problems, as discussed in Section In general,
such hybrid methods tend to replace some component of a classical algorithm, such
as front-end feature extraction, with a neural network. There has been relatively
little focus within these applications on the opposing problem, namely combining
knowledge-driven techniques with data-driven techniques within offline estimation
problems. This leaves room for the possibility that combining the capacity of learn-
ing with the rigour of optimisation algorithms may lead to improved results in such
applications.

Recent work in this direction includes [55] and [56]. The goal of [55] is to learn
an optimisation algorithm that can be used to train a network. The aim of learning
an optimisation algorithm is similar to our own, although we manually choose the
step size and explicitly learn the gradient with a CNN, whereas [55] learn a general
update term in place of the step size and gradient with an LSTM. However, the ap-
plication, an optimisation algorithm with which to train a network, is very different
to our application, learning the gradient of an optimisation algorithm within which
to apply a network iteratively.

The work by [56] involves learning a gradient descent scheme for iteratively ap-
plying a neural network to solve a problem. This scheme involves using a Recurrent
Inference Machine [57] to learn the iterative framework. These works thus involve

combining learning with optimisation strategies by attempting to learn the optimisa-
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tion framework itself.

Most similar to our work is the work of [45] (Figure 2.2), which implements a
residual-based refinement scheme for optical flow estimation. This work builds upon
previous optical flow literature, in which it is common to implement a coarse-to-fine
refinement scheme via pyramid levels within one network, or by chaining multiple
networks. [45] extend this work by demonstrating that equivalent or better results
can be obtained with equivalent or less parameters by substituting the network chain
for a single network with a single set of weights. Key differences to our work include
the use of a unit step size when updating the estimate using the residual. Further-
more, as mentioned above, while we supervise on a per-iteration basis, [45] combine

the per-iteration loss into an overall loss.
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Figure 2.2: Iterative Residual Refinement of FlowNetS [45]

The work discussed in this section either aims to learn the residual [45], or a
general update term of an optimisation algorithm [55,56]. However, we believe there
is merit in explicitly learning the state gradient, while using a separate step-size
parameter to control the influence of the gradient on the iterative update. To the
best of our knowledge, there is limited prior research that investigates the utility of
a learning a gradient that can be combined with a scaling parameter to solve general
estimation problems. Such an approach, if implemented correctly, could be expected
to combine the benefits of data-driven learning algorithms and knowledge-driven

optimisation algorithms.
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Chapter 3

Research Report

This chapter outlines the planned research direction to be undertaken over the course
of this project. The chapter is separated into four key sections. Section 3.1 provides a
brief overview of the work undertaken in the development of the vision system for a
robotic harvester of green asparagus. Section [3.2Joutlines the ongoing work involving

using a CNN in an iterative optimisation framework for object pose refinement.

3.1 Asparagus Harvesting

This project began with a focus on robotic harvesting of green asparagus in on-farm
conditions. The aim was to develop a harvesting platform containing a Delta robot
manipulator, and four monocular cameras. This involved developing a software ar-
chitecture capable of detecting and localising asparagus spears in real-time from a
multi-camera configuration. The outcome of this work was published in [58], and is

available in the appendix.

A key problem identified during this work involved estimating the state of an as-
paragus spear (its position and height in this case), and then tracking this state over
successive image frames. A wide range of filtering algorithms are available for prob-
lems such as this, and the Kalman Filter [59] was chosen for this application. Such
algorithms receive an initial state estimate, and compute an innovation term which is
then used to update the state in an iterative framework. An alternative to such algo-
rithms is to simply re-estimate the state at each new time step. This is the approach
generally taken when deep learning frameworks such as Convolutional Neural Net-
works (CNNs) are used for the state estimation, as such networks are typically not
designed to receive an initial estimate of the target state as input. Other deep learn-
ing frameworks such as Recurrent Neural Networks (RNNs) are able to refine a state

estimate based on temporal information. However, these networks learn how to
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refine the state based on the input data, with no theoretical justification for the re-
sultant output. For this reason, this project has changed focus toward a new type of
CNN, an ‘Innovation CNN’, which directly learns the innovation term of a filtering
algorithm. This allows for the state to be refined using the standard techniques of
numerical optimisation. Innovation CNNs are the current focus of this project, and

are presented below.

3.2 Innovation CNN

3.2.1 General Problem Formulation

As outlined in Section a state is an internal representation of a system that is
sufficient to fully define the future evolution of all system variables. Let the state be
constructed from some given input information I, for which there is a state estimator
that computes the state representation X; from this information. Let y; be the set
of information that is of interest for a given problem. Then there is a mapping
h : X¢ — y: (from the state to the desired information) that captures this information.

Given this mapping, a state estimator can be formulated:

X; = f(Xs, I;) — A
yt = h(X¢)

where f(.) is the state model, and A is the innovation term. In typical problems
in computer vision, the input data from which the state is constructed is in the
form of an image or a sequence of images. These image(s) are obtained prior to
any estimation, and the state is then estimated in an offline manner, typically via
a deep learning framework. There is therefore an assumption that there is enough
information in the given image data to reconstruct the state X;. In computer vision
the desired representation z; may represent scene depth, 3D structure, human or
object pose, etc. Figure provides a general example of the offline problem of
object pose estimation as it is typically approached. In the context of the above

description of a state estimator, such problems in computer vision can be described

by
X=n1(L)

where b1 is typically estimated with a deep learning framework. Conversely, in

robotic vision the input data consists of image information plus other data, such
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as IMU measurements, which are provided at each time step. The information of
interest is then commonly obtained via a filtering or observing algorithm, which is
iteratively updated in an online manner. There is therefore an assumption that the
input information has a low enough dimensionality to allow the state to be estimated
in an online framework. However, unlike common computer vision applications
there is not an assumption that a single image can provide sufficient information
to estimate a state. In contrast, it is more common to use a sequence of images,
and/or additional sensor information. In robotic vision the desired representation
is often the pose of the robot. For example, a state estimator for a visual odometry

application could be formulated via

A

X; = f(X, I;) — A

9 = h(Xe)
where
A= K(§t —yt)

y = [p1, P2, PN]

where K is a gain, and pj, ..., pny represent robot and landmark pose vectors.

Output:
Input: State: object pose
: keypoints
image \

N It . |:| . Xt > PnP —»Zi¢

4

latent

variables

Figure 3.1: The standard approach to object pose estimation. In this problem the state is often
represented by keypoints, which can be mapped the desired output with a PnP algorithm.
The difference between the concepts of state and latent variables are also made clear in this
context.

The remainder of this chapter focuses on the application of the Innovation CNN

to the problem of object pose estimation.
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3.2.2 Initial Application: Object Pose Estimation

As object pose estimation is an offline problem, we assume that
FXe, I) = X4

Therefore
Xi=X;o1—A

The state can be estimated via stochastic gradient descent if the innovation is defined

as So:

let: A = aV)A(t
then: X; = X;_1 — aVy,

where Vx represents the gradient with respect to X, and « is a step size. Therefore,
for the offline problem of object pose estimation, the problem involves estimating the
gradient of the underlying state representation. To obtain an initial estimate for the
gradient descent framework, an off-the-shelf object pose estimation network is used.
The network chosen is PVNet [25]. The output of this network provides the initial
estimate for the Innovation CNN, and the network also provides the base architecture

from which the Innovation CNN for object pose estimation is constructed.

3.2.2.1  Notation

The aim of the network is to generate an update/innovation that can be applied in an
iterative framework to refine a state estimate. While this framework can be applied
to a range of applications, the notation outlined here is specific to 6DOF object pose
refinement from a single RGB image. The state estimate is a unit vector field with

vectors defined by
i =€ —¢&;

where §;; denotes a 2D pixel with coordinates (i, j) within an image Z with dimen-
sions M x N, and £ represents the pixel location of keypoint k. The set of target
keypoints points is denoted by K with individual points k. The unit vector field is
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thus

k
ck 771] c R2XKXMxN
' ’ 7 2
1™ max(L,|[nf])
The initial state )A(Z(O) is the vector field estimate obtained from PVNet.

Our network learns the gradient of the original loss function ®, which in this case is
@ = 2]|x5 — K|
2 ij ijI11

Therefore the gradient of the loss is

_1
2
= —’ij—xi’(jh (3.1)

k _ xk))2
Vo V)‘({fjHXij—xz‘jHl
where Xf]- is the ground truth vector field.

The state estimate can then updated via a first order optimisation framework
Xf(te +1) = X (te) + 0V (tr) (3.2)

where 0 < 6 < 1 is the step size used during evaluation, and fx € [1,2,..., Tg]
denotes the current step during evalulation. For clarity, there is an equivalent update

equation during training;:
XE(tr +1) = XK(tr) + 0Vol(tr) (3.3)

where 0 < ¢ < 1 is the step size used during training, and t7 € [1,2, ..., Tr] denotes

the current step during training.

As iteration is employed during training via Equation 3.3} and during evaluation via
Equation 3.2} the following equivalence holds

pE:ngéTTU'—FG:pT

where pr is the ‘training horizon’ (the distance from the original data manifold that
successive iterations have achieved), pg is the ‘evaluation horizon’, and € is the gener-
alisation error associated with the network. The interpolation distance is the distance
from the PVNet manifold, as illustrated in Figure
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X5 = XElh

Figure 3.2: Iterative refinement from the initial PVNet estimate manifold (X l.k].) toward the
ground truth manifold Xi.‘]. during an example forward pass with 4 iterations. The difference

(| |X{‘] — XE||1) between input and output states is refined over the interpolation distance pg
via Eq

Pseudo-code outlining how the iterative framework might be implemented is
presented in Algorithm

Algorithm 1 Iterative Optimisation with Innovation CNN

1: Choose 0 < a <1

: Choose T > 0 > Maximum #iterations
: X}(0) + PVNet

:fort=1— T do

ﬁ < Innovation CNN/\

XE(1) = XE(1— 1) +aVa(t)

: pose = PnP(Xikj(T))

Ul W N

N

3.2.2.2 Network Architecture

The network consists of two encoder-decoder blocks operating in parallel (see figure
B.3). The top block in figure is labeled the ‘Gradient Estimator’, and the bottom
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block is labeled the “Estimate Autoencoder’. The Gradient Estimator in our applica-
tion is PVNet [25] with a new loss function. The Gradient Estimator encoder consists
of a pretrained ResNet-18 [60] architecture. The Gradient Estimator decoder consists
of successive convolution and upsampling operations. See figure for a break-
down of the individual components of the network. The Estimate Autoencoder is
also obtained from PVNet, with the input dimensionality modified to accept a vector
field state estimate instead of an RGB image. The Gradient Estimator receives an
image and returns an estimate of the gradient of the vector field state. The Estimate
Autoencoder receives a vector field state and returns an estimate of the vector field
state. The Estimate Autoencoder is therefore an auxiliary task aimed at allowing
information from the initial state estimate to be injected into the network. This auxil-
iary task is expected to lead to improvement on the main task by leveraging domain
specific information via multi-task learning [61]. The network is trained with the loss
functions described below in Section

XW> <
—_— "

Xt +1) = X (1) = 0V (t)

Figure 3.3: Network Architecture: Gradient Estimator (top block), and Estimate Autoencoder
(bottom block). Skip connections are indicated with black arrows, and information flow is
indicated with red arrows. 7 is an input image, Vo is the estimate of the gradient of the
state, X l’; is the state estimate, and X l’; is the encoded state estimate.
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i Conv, BN, I‘ Res block with Information State '  Gradient
! { RelLU ‘ Res block dilated conv > flow decoder ! E decoder

: Max pool Res block with Bilinear —__  Skip . ! Resnet-18
VE strided conv upsampling connection + feature encoder
. - -

Figure 3.4: Network Architecture: individual network components.

3.2.2.3 Training Loss

The loss function used to train the network is
L= EV¢ +vLx

where Vg is the gradient of the state loss on the Gradient Estimator, £x is the state
loss on the Estimate Autoencoder, and < is a scaling factor. These functions are

defined below.
The state loss is applied to the Esimate Autoencoder, and is defined by
o k k|12
Lx = 2 E ||Xij - Xz'j”l
k=1 (ij)eS

where (i,j) € S indicates that the pixel is within the segmentation mask, and the /1
norm is the ‘smooth 11 norm’ for unit vectors proposed by [62].
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The state gradient loss is applied to the Gradient Estimator, and is defined by

IC —
Ly, =Y. Y lIVo—Vall

k=1 (i,j)€S
=Y ¥ Ve — (XE— X5
k=1 (i,j)eS

3.2.2.4 Evaluation Metrics

The following three metrics are used to evaluate network performance. Of these met-
rics, the first two are the standard metrics for evaluating pose estimation networks,
while the third is designed to further illustrate the outcome of iteratively applying

Eq.3.2

Given the ground truth rotation R and translation T and the estimated rotation R
and translation T, the average distance ADD metric computes the mean of the pair-
wise distances between the 3D model points transformed according to the ground

truth pose and the estimated pose:

ADD:% Y I(Rx+T) — (Rx+T)||2 (3.4)

xeEM
where M denotes the set of 3D model points and m is the number of points. The
pose is considered correct if the average distance is smaller than a 10% of the 3D

model diameter. The metric reported is the percentage of posses considered correct.

Projecting the provided object model into the image plane using the ground truth
pose szj and the estimated pose X 1’; allows the 2D projection error to be computed.

The estimated pose is considered correct if the average error is less than 5 pixels.

1

ok
v Y [IPXfv — PXvl|; (3.5)

veV

2d Proj =

where V is the set of all object model vertices, and P is the camera matrix.

Taking the square of the Frobenius Norm of the difference between the estimated

and ground truth vector fields provides an indication of whether the state estimate

20



X Z’; is converging to or diverging from the true state X l’; This metric is defined by

N
Norm(Xk Xk NT Z E ||Xz]n 11n||2 (36)
n=0(i,j)eS

0(

3.2.2.,5 Choosing the Step Size

A key benefit of our formulation is the ability to choose and vary the step size using
knowledge-driven techniques. In the above formulation two step size parameters
have been defined. The step size ¢ is applied to iteration during training, while ¢ is
applied to iteration during evaluation. For convenience, & is used throughout this

section to represent a generic step size.

In the numerical optimisation literature, a popular approach to choosing an appro-
priate step size is by imposing the Wolfe Conditions [31]. To apply these conditions
we begin by defining the objective function

o — 1 N —
frrn = fXG(1) +aVa(t)) = S|X; — (X(H) +aVa ()|}
1 .
= JIIXE — K+ 1)1}
The gradient of the objective function with respect to the state estimate is thus

k gk
v)‘(@(tﬂ)ftﬂ = — X5 = Xj(t+ D]

2 Vo(t+1)
using Eq .1} As the descent direction typically has the form
Vol(t) = _Bil(t)vf(ﬁ.‘j(t)ft

where B(t) is a symmetric and nonsingular matrix, it can be seen that we have im-
plemented the method of steepest descent, for which B(t) is the identity matrix [31].
Likewise,

ﬁ(t + 1) = —B_l(t + 1)v)"({§j(t+l)ft+l.
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When the descent direction is in this form we have
(ﬁ(t))va(lkj(t)ft = V)A(ifj(t)ftT%(t)
= ~(Vgefi) Ve fi
= _va(f.‘].(t)ftH%
= —[|Va(b)[3 <0
which shows that ﬁ must be a descent direction. Likewise,

(Volt+1) Vg fe = I Valt + IR <0.

Using this formulation, the following inexact line search condition can be applied to

ensure sufficient decrease of the objective function

F(E) + a0 (1)) < FRE(0) + 10V, f Talt)
S~ X1 -l TalE 67)

1 ~ —
3| XE = (8(1) + Vo (1)} <

for ¢; € (0,1). This inequality is the first Wolfe condition, also sometimes referred to

as the Armijo condition.

To rule out unacceptably short steps, the second Wolfe Condition (or the Curvature

Condition) requires that « satisfies
Vﬁg(tﬂ)f(xi'(j(t) +aVe(t) gt +1) > CZV)‘(g(t)ftTQZ(t)
1 S o .
Vs 1) (511X = X5+ DI TG = XG5t + 1] > eaf X = X511
[1X5; = (Xi(8) + aVe (D) > cof X = XG0 (38)
for cp € (c1,1).

To apply Equations and during training and evaluation, an appropriate step
size @ must be found at each iteration. This is done via the backtracking line search
outlined in Algorithm 2}

Using Algorithm 2} Equations [3.7]and [3.8|are applied at each iteration t during train-
ing and evaluation to determine appropriate values for ¢ and J (substituted for «)

respectively.
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0.50 4

Algorithm 2 Backtracking Line Search
1: Choose 0 < a <1

2: Choose T >0 > Maximum #iterations
3n=1-—(1/T)
4: t =1

5. while True do

6: if (Eq[3.7land Eq = True then
7: break

8: if t > T then

9: break

10: &= nuo

11: t+=1

3.2.2.6 Initial Results

ADD 2D proj 11x = %||

0.9905 4
0.1325 +

0.9900 A 0.1300

01275
0.9895 4
0.1250
0.9890 1
0.1225

0.9885 4 0.1200

0.1175 4
0.9880 4

0.1150 4

I
0.9875 4 4

0.2 0.4 0.6 0.8 1.0 1.2 14 0.0 0.2 0.4 0.6 0.8 10 12 14 0.0 0.2 0.4 0.6 0.8 1o

Figure 3.5: Qualitative Performance on the Ape class of the Linemod dataset [28]. The left
panel illustrates iterative increase of the ADD metric. The central panel illustrates the iterative
fluctuations of the 2D projection metric. The right panel illustrates the iterative decrease in
the distance between the estimated and ground truth vector fields. In each panel, the x-axis
is pp = 0Tg, the ‘interpolation distance’” during evaluation. In each panel, the grey dotted
line illustrated pr, the interpolation distance during training.

The results shown in Figure (3.5 are typical when an optimal set of training and
evalulation parameters are chosen. When this is the case it can be seen that the
ADD metric (reported as a percentage) increases logarithmically until the pr thresh-
old (marked by the vertical grey dashed line) is reached. As the network has only

experienced training examples that are a distance of < pr from the manifold of the

23



initial PVNet estimate, it is expected that performance begins to degrade beyond this
point. From the centre panel of Figure [3.5|it can be seen that the 2D projection error
is largely unchanged by successive iterations. This is likely due to the already very
high value obtained by the initial estimate. Finally, the right-hand panel of Figure
indicates that the distance between the estimated and ground truth vector fields

decreases consistently until the training interpolation distance is reached.

When the Wolfe conditions are applied during evaluation to the iterative update pro-
cess, such as that shown in Figure 3.5] results such as those shown in Figure [3.6| are

obtained.

lIx = x1| ADD

|
I
0.56 ]
0.125 4
055 m

0.120 1 0.54

0.115 i
052
0.110 051 \/\\

iteration P

Figure 3.6: Application of Wolfe Conditions (Equations[3.7/and [3.8) to an example of iterative
evaluation on the Ape dataset.

From Figure it appears that the Wolfe conditions successfully stop the state
estimate from diverging once the iterative framework extends past the training in-
terpolation distance. It also appears that the Wolfe conditions assist in allowing the

ADD metric to plateau at later iterations, as hoped.

Initial experiments have indicated that the performance of the network is sensitive to
a range of training parameters. Of these, key parameters are o (the step size during
training), J (the step size during evaluation), pr (the interpolation distance during
training), and pg (the interpolation distance during evaluation). For this reason, a
study was undertaken comparing network performance as these parameters were
varied. The results of this experiment are presented in Table

From Table 3.1]it can be seen that there is a large fluctuation in the mean increase
in the ADD metric. It can also be seen that there is not always a strong correlation be-

tween an increase on the ADD metric and a decrease in the distance between ground
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Tnean(% mean(% mean(ADD)
c pr ¢ peg | mean(ADD) increase decrease T/P values
ADD) norm(X-X*))
1 1 1 2 [0424+/-0.04 -981+/-847 929+/-137 -212/0.05
1 2 1 4 ]0520+/-0.03 1033+/-6.70 6.75+/-133 3.76/0.001
09 18 09 36|0518+/-003 948+/-717 7.56+/-1.02 3.61/0.001
06 12 0.6 24| 0.539 +/-0.03 14.50 +/- 6.56 17.99 +/- 0.89 5.26/0.001
06 24 06 48|0464+/-0.01 -1.83+/-3.66 211+/-034 -5.16/0.001
03 12 03 24|0471+/-0.01 044+/-279 191+/-034 -0.65/0.2+

Table 3.1: Study of Iteration Parameters. All mean and standard deviation values were
computed from the last 20 epochs of training, from a total of 50 epochs. T-value is obtained
from Welch’s T-test of the mean(ADD) compared to the original PVNet distribution: 0.472+/-
0.0067. P-value is obtained from corresponding probability that the two means come from
separate distributions.

truth and estimated vector fields. This is likely due to the back-end, RANSAC and
PnP-based computation that generates object poses given the vector field provided by
the network. However, these initial results indicate that a step size 0of 0.5 <5 =0 <1

leads to optimal performance.

Aside from the iteration parameters, a range of other design choices have been tested
in a similar fashion. Tables [3.2]and [3.3| present the results of these tests. In Table

the design choices being investigated are

e GE/+SA: Gradient Estimator or Gradient Estimator and State Autoencoder.
This comparison is designed to determine if including the State Autoencoder

in the network architecture improves results.

e Vo/Ve. This comparison tests whether it is best to update the state with the
ground truth gradient or the gradient estimated by the network during training.

e Ly, . This comparison tests whether it is best to scale (by Hvl—d)”) this loss term.

e initial est. This comparison tests whether it is better to use the output of the
baseline PVNet as the initial estimate during training, or whether it is prefer-

able to use a perturbed ground truth.
In Table 3.3} the design choices being investigated are

o IRR: loss accumulates each iteration and is backpropogated after Tt iterations

e Innovation CNN: loss backpropogated after each iteration
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From Table it appears that

e performance is relatively improved when the State Autoencoder is included in

the network architecture

e performance is relatively improved when the ground truth state gradient is

used to perform the iterative update during training
e performance is relatively improved when the Ly, loss is unscaled

e performance is relatively improved when the output of the original PVNet is

used

Note: It is expected that a less naive method of perturbing the ground truth might
improve network performance when using the ground truth as an initial estimate.
Therefore further investigation is required to conclude that the best available initial
estimate to use during training is the output of the original PVNet.

From Table 3.3|it appears preferable to backpropogate after each iteration.

From Tables it can be seen that there is a consistent, large variation
in the mean ADD increase between epochs. It can also be seen that a decrease in
distance between the estimated and ground truth vector fields does not consistently
correspond to a proportional increase in ADD value. As discussed above, this is
likely due to the stochastic back-end which computes pose from the estimated vector
field via RANSAC and PnP. This lack of consistency makes drawing concrete conclu-
sions difficult. However, it is still possible to confirm the magnitude of the impact
of a particular design choice by viewing the overall effect the choice has on the three

metrics presented in these tables.
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Chapter 4

Future Directions

In very general terms, my research involves looking for an answer to the following

question, and studying the ramifications of the answer.

Can you train a neural network to learn the direction (gradient) from a given state to a desired

state?
Why this question?

If the answer to this question is yes, then for any problem currently solved by a neu-
ral network it should be possible to devise a new network that predicts the direction
from the output of the original network to a better output. Furthermore, if you then
updated your original output using this direction and got a better result, you could
then take this result and use the same network to once again predict the direction
to an even better result. And so on. This strategy of iterative refinement given an
initial estimate and a desired direction is known as numerical optimisation, and is
a well-studied area of applied mathematics. This approach, then, provides an op-
portunity to leverage both the data-driven advantages of neural networks, and the

knowledge-driven advantages of numerical optimisation within a single framework.
What is the utility?

A general network architecture capable of predicting a state gradient has widespread
potential applications in both offline and online state estimation. Within offline state
estimation, this architecture can potentially be applied to any problem currently
solved with neural networks. Given the output of a neural network trained on the
specific problem, such as PVNet for object pose estimation, the proposed network
could predict a direction in which this output could be improved. Numerical opti-
misation techniques, such as the gradient descent algorithm can then be employed

to iteratively refine the initial estimate. Within online state estimation, the aim is
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often to refine a state, given a previous state and some new measurements. The
difference between the previous state and the state predicted by the new measure-
ments is known as the innovation. To compute the innovation it is necessary to have
a mathematical model of the state as a function of the given measurements. This is
often referred to as the ‘observation model’, and a key task when implementing an
algorithm for online state estimation involves formalising this model. There is po-
tential for our proposed network to replace this model. In this case, the input to the
proposed network would be the previous state and the current measurements, and
the output would be the new state. Therefore, the proposed network architecture has

widespread potential applications in both online and offline state estimation.
How best to demonstrate this utility?

The initial demonstration of utility is provided in Chapter |3, wherein the proposed
network architecture is used to iteratively refine the initial output of PVNet, a net-
work designed for the offline problem of object pose estimation. Beyond this initial

demonstration, the goals outlined in the following sections are proposed.

4.1 0-6 months: Finalise Pose Refinement Work

Immediate next steps will involve finalising the current work on object pose refine-
ment, and preparing for publication of this work. This will include adapting the
network training regime to utilise a less naive perturbed ground truth state as the
initial estimate, rather than the output of PVNet. The network will also need to be
trained and tested on the Linemod, Linemod Occlusion, and YCB datasets, with full
image resolution. These results will then be compared to other networks for pose
estimation. There is also potential for multiple publication avenues for this work.
A possible approach to publication might involve an initial submission demonstrat-
ing that Innovation CNNs can improve the performance of a chosen network. Work
could then be undertaken to attempt to reach state of the art performance on the

pose estimation problem, after which a second publication would be possible.

4.2 6-12 months: Depth Refinement with an Innovation CNN

The next proposed major piece of work involves applying the Innovation CNN con-
cept to a second offline estimate problem; depth estimation from a single RGB image.

By applying our concept to a second application I hope that we will be able to demon-
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strate it’s general applicability to offline state estimation problems. This will aid in
emphasising a key claim that the Innovation CNN is a general framework that can be
applied to refine an initial estimate for a wide range of offline estimation problems.
It will also serve to bring our work to the attention of another related research area.
This work will also provide further insight into the ease with which our framework
can be applied to a new problem and a new network architecture. The network ar-
chitecture to be used for this work has tentatively been chosen to be FastDepth [10].
The motivation for this choice is the relative simplicity of the network architecture
compared to recent, more sophisticated networks such as [9]. The simplicity of the
architecture makes parts of this task suitable for an undergraduate student project.

Such a project is already underway.

Aside from simply applying the concept to a new application, I am interested in
potential ways to improve the Innovation CNN architecture and optimisation frame-

work. Potential avenues for exploration include

learning the step size and/or number of iterations

learning a per-pixel step size (attention)

varying the step size during training to enable better generalisation

Using perturbed ground truth as the initial estimate during training to remove

bias toward the initial estimate provided by the base network

4.3 12-24 months: State Filtering with an Innovation CNN

The applications of the Innovation CNN proposed above both involve offline pose
estimation. Applying this concept to an online application involving state filtering
or observing would therefore greatly expand the demonstrated utility of the concept.
This is again likely to increase awareness for our concept within a wider research
community, as it will demonstrate potential applicability with a range of popular
state estimation algorithms, such as SLAM and VO. It would also further emphasis
novelty of this concept, as one that is applicable to two largely separate problem
areas of offline and online state estimation. A potential candidate algorithm that this
concept could be incorporated into is the nonlinear observer of [51], as this would

enable collaboration within the research group.
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4.4 Long term: General Theory of Innovation CNNs

Finally, I would like to summarise and generalise the concept of Innovation CNNs
for publication as a journal article. This work would provide an overview of the
tested and expected applications within both online and offline estimation problems.
4.5 Timeline

Figure 4.1| provides a rough outline of a timeline for the plans discussed above.

Thesis submission

|
General concept
|
State filtering
|
Depth refinement
Pose refinement =
|
June 2020 January 2021 July 2021 February 2022 August 2022

Figure 4.1: Proposed timeline
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Chapter 5

Resource and Plans

5.1 Proposed Output and Dates

e Pose refinement work to WACV2021 and/or CVPR2021. Submission: 26 Aug
2020 and/or 9 Nov 2020

e Depth refinement work to CVPR2021/ICCV2021. Submission: 9 Nov 2020/ 1
Jan 2021

e State filtering work to ICRA2022. Submission ~ 30 Jun 2021
e Overview of Innovation CNNs to ICCV2022. Submission: ~1 Jan 2022

e Thesis submission: ~ May-Jul 2022

5.2 Required Resources

5.2.2 Compute

I expect to continue to require access to the Quad-core GPU machine for the re-
mainder of my program. I don’t expect to regularly require the full capacity of this

machine, though this would likely be helpful closer to submission dates.

5.2.2 Students

We currently have an honours student helping to begin the work on depth refine-
ment. This student is likely to continue this work until November 2020. It may prove
useful to engage a second honours student to assist with comparing optimisation
algorithms, or with the state filtering work. However, a clearer outline of how this

student might contribute is yet to be determined.

5.2.3 Finances

I hope to submit papers to the conferences listed above, and am therefore likely to

require travel funding if these submissions are successful.
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5.2.4 Collaboration & Assistance

When I am in need of assistance on a given problem, or if I am looking to collabo-
rate with others, there are a range of people that I hope to turn to depending on the
problem area. These people include, but are not limited to those who are a part of
my supervision panel. A brief overview of those who I hope to be able to approach

for these reasons is provided below.

For problems in systems theory I will turn to my primary supervisor; Rob Mahony.
If for some reason this is not possible/necessary, I also hope to utilise the skills of
Pieter Van Goor and/or Yon Ng in this area. For problems related to deep learning
I will turn to my supervisors; Xin Yu, Nick Barnes, and/or Hongdong Li. If this
is not possible/necessary, I hope to continue working with Zheyu Zhuang while he

remains a PhD candidate.

I believe it would be highly beneficial for me to continue weekly, or bi-weekly meet-
ings that include Xin Yu, beyond the duration of our current work in pose estimation,
so that I can continue benefiting from his experience in deep learning. I also hope
that I will be able to continue regular meetings with Zheyu while our work on pose
estimation and depth estimation continues. I expect that I will also require some
regular meetings with either Yon Ng or Pieter Van Goor when this project moves

toward online state estimation problems.

5.2.5 National & International Travel

I am open to and interested in the possibility of spending extended time at another
university. A possible option is to spend time at UTS collaborating with Xin Yu.
However, I am unsure where else it might be beneficial for me to look at attending.

At this stage I have no firm plans in this area.
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Chapter 6

Appendix

Submitted Paper
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Abstract: The global population is expected to pass 9 billion by 2050 requiring ongoing
improvements in food production methods. Robotic harvesting offers part of the solution to
this challenge and has spurred research in the use of agricultural robots (AgBots) for harvesting
horticultural crops over the past several decades. While there has been significant progress in
automation of harvest of many crops, robotic systems for crops that require selective harvesting
remain far from mature. This paper presents the first steps toward a perception pipeline for
a selective green asparagus harvesting robot. We show that a novel single-view representation
of information from a multi-camera system can be combined with simple temporal filtering to
reliably localise asparagus spears in real-time in lab experiments and difficult outdoor conditions.

© 2019, IFAC (International Federation of Automatic Control) Hosting by Elsevier Ltd. All rights reserved.
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1. INTRODUCTION

An increasing global population and a changing climate
are among several factors that are expected to apply
pressure to the global food chain in coming decades.
The United Nations has predicted that the global pop-
ulation will increase to over 9 billion by 2050, and that
food production will increase by 70% in response (FAO
(2009)). Furthermore, it has been observed that current
agricultural practices have limited scalability due to fac-
tors including the lack of arable land, water shortages,
under-investment, environmental considerations, and lack
of available labour caused in part by an aging global
population (ACRV (2018); Duckett et al. (2018)). In short,
we face a challenge to produce more with less resources.

Agricultural robots (AgBots) have been identified as part
of the solution to this impending global crisis. AgBots
are expected to fit into a broader picture wherein crop
breeding, planting, and harvesting practices are refined
to allow greater levels of automation. Increased levels of
robotics in agriculture is predicted to improve efficiency
throughout the food production chain.

While mechanisation of broad field farming is highly de-
veloped and robotic automation of these processes is pro-
gressing as expected, progress in selective harvesting (only
harvest a crop if criteria are met) robotic system has been
slow. There are still relatively few examples of successful
prototypes and almost no commercial examples of selective

* G.Kennedy and R. Mahony, are with the Australian Centre for
Robotic Vision, Australian National University, Australia. V. Ila is
with the Australian Centre for Field Robotics, Sydney University,
Australia. This research was supported in part by the Australian
Government Research Training Program Scholarship and in part by
the Australian Research Council through the “Australian Centre of
Excellence for Robotic Vision” CE140100016.

harvesting AgBots. The key reason for this is that most
applications of selective harvesting AgBots require ad-
vanced sensor data processing to identify target crops for
harvest amongst the unripe crops and surrounding plant
matter. Achieving reliable identification of crops remains a
challenge in difficult on-farm conditions where speed and
accuracy are paramount and the environment is highly
variable (ACRV (2018)). In order for robotic technology
to be successfully integrated into existing farm operations
and logistics they need to be able to operate at speeds
and efficiencies comparable or superior to human labour.
High speed harvest requires real-time (in the order of tens
of milliseconds) perception and cognition as well as high
speed actuators and robust mechanical designs.

In this paper we present a prototype perception pipeline
for a green asparagus harvesting robot. Green asparagus
grows irregularly in beds with the harvest period covering
eight to ten weeks in Australia. Spears grow straight out
of the ground with no obscuring foliage. The asparagus
spears are harvested when they reach between 20 to
25 cm tall with taller asparagus to be removed and
discarded. Since asparagus spears can grow up to 5cm
per day, each row must be harvested each day during
the peak growing period, and only those asparagus in the
correct height range should be harvested. No commercial
automated mechanical systems for asparagus harvesting
exist and more than half the cost of producing asparagus
is associated with the labour costs.

The proposed perception pipeline has been optimised for
speed and accuracy through the use of multiple monocular
cameras, a distributed compute architecture, and simple
algorithms. We expect this approach to allow our harvester
to reach an optional balance of speed and accuracy. The
perception system is targeted to provide accurate infor-
mation to a mechanical harvesting system (commercial in

2405-8963 A 2019, IFAC (International Federation of Automatic Control) Hosting by Elsevier Ltd. All rights reserved.
Peer review under responsibility of International Federation of Automatic Control.
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confidence) capable of a cycle time of 300ms per asparagus
spear. The target is for the robotic harvest system to travel
at 1-2 m/s, roughly an order of magnitude faster than
existing systems and comparable or superior to human
labour. Asparagus spears will be visible to the perception
system for 500-1000ms depending on the configuration
of cameras. Results are presented that demonstrate the
performance of the pipeline to varying crop layout in-lab,
and difficult, on-farm conditions. The key contributions of
this paper are:

e Algorithm architecture capable of calibrating a multi-
camera system, and detecting and localising aspara-
gus spears in outdoor conditions

e A novel single-image representation of a scene cap-
tured by a multi-camera system

e On-farm and in-lab trials of the perception pipeline

The remainder of this paper is structured as follows: Sec-
tion 2 provides a brief history of robotic harvesters, with
particular focus on robotic harvesters for green asparagus.
Section 3 breaks down our proposed algorithm architec-
ture. On-farm and in-lab experimental results are pre-
sented in Section 4, before concluding remarks in Section
5.

2. RELATED WORK

The first example of considering computer vision to crop
detection involved utilising light reflectivity differences to
detect citrus fruit (C Schertz (1968)). The first applied
system was developed in 1977 for apple detection, using
a black and white camera with red optical filter along
with intensity thresholding and morphological operations
(A. Parrish et al. (1977)). Early applications of computer
vision to crop detection utilised mainly spectral, intensity
or range cameras, and pixel-wise or shape-based crop
detection methods (Jimnez et al. (2000)).

Robotic harvesters are currently being developed for a
range of crops that require selective harvesting, with
oranges, tomatoes, apples, and asparagus being among
the most frequently targeted (Bac et al. (2014)). Recent
robotic harvesters often employ sensing systems including
single RGB (Lehnert et al. (2017)) or RGBD (Leu et al.
(2017)) camera systems, combined with 3D reconstruction
and 2D or 3D segmentation algorithms. A survey of
robotic harvesters conducted in 2013 of 50 distinct projects
over the previous 30 years found that average harvesting
success rate was 66%, and average cycle time between
harvests was 33 seconds (Bac et al. (2014)).

Previous asparagus harvesting robots have typically em-
ployed either LIDAR or single camera sensors. These sens-
ing modalities have led to perception systems that only
provide information about asparagus height (LIDAR) or
else rely on computationally expensive algorithms such
as dense 3D reconstruction. The first green asparagus
harvester, CAMIA, was developed in the 1990’s using laser
sensors to detect asparagus height. While CAMIA had
promising initial results, unreliability of the sensors caused
many asparagus to be missed and damage caused to the
bed (Arndt et al. (1997)). Similar to CAMIA, the Kim
Haws harvester (Haws (2019)) and Geiger-Lund harvester
(Geiger-Lund (2019)) currently being developed also em-

ploy laser sensors to detect crop height, and have also
been noted to miss a significant proportion of ripe aspara-
gus (Leu et al. (2017)). MANTIS (K. Carpenter (2019)),
utilises a LIDAR sensor suite and can detect asparagus at
a rate of 1 every 6 seconds (K. Carpenter (2019)). Finally,
the GARotics harvester employs an RGBD camera and 3D
reconstruction to harvest asparagus and reported a 90%
harvest success rate of detected spears, although their de-
tection success rate is not included (Leu et al. (2017)). At
the time of writing, there are no examples of commercially
successful selective harvesting robots for green asparagus.
We believe that key reasons for this include poor detection
success rates and slow harvest cycles. These insights form
the motivation for this work.

3. ALGORITHM ARCHITECTURE

A system of three PointGrey cameras is used to capture
images of asparagus at a frame rate of ~55Hz. To keep
lighting conditions consistent in the field our perception
system will be housed within a darkened enclosure with
its own internal lighting. This will enable day-time and
night-time harvesting. The algorithm architecture is split
into two components that operate in parallel. These com-
ponents are titled Extrinsic Camera Calibration, and Per-
ception Pipeline, and are discussed in Sections 3.1 and 3.2
respectively.

3.1 Euxtrinsic Camera Calibration

Extrinsic camera calibration is computed online as a sep-
arate process from the perception pipeline. It is computed
at a low frequency and used to update camera pose and
ground plane estimation periodically. This ensures that the
cameras remain well calibrated throughout long periods of
on farm use even in rough conditions. Extrinsic calibration
involves computing a camera pose matrix T € SE(3) for
each camera. The calibration is implemented in the open-
source OpenMVG framework via a Structure from Motion
(SfM) algorithm computed from sparse feature points that
are matched between frames (Moulon et al. (2017))1!.

Given that the vast majority of matched feature points
occur on the ground plane, this plane can be found via
simple 3D plane fitting. The equation for the ground plane
is defined as

ar+by+c=z

for 3D points (x,y, z) € R3. The constants a, b, ¢ are solved
for using

Zo Yo 1 » )
1 Y1 1 [b‘| _ z1

. ¢ .
Tn Yn 1 Zn

which can be represented as an over determined linear
system Ax = B and solved via the left pseudo inverse
z=(ATA)'ATB.

This ground plane provides a convenient 2D representation
of the region of interest. The output of the extrinsic
calibration is a matrix T representing the pose of each
camera, and a ground plane G, all with respect to a
common inertial frame.

1 Code available at: https://github.com/kennege/openMVG /tree/
develop_multi_camera_calibration
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3.2 Perception Pipeline

The perception pipeline incorporates the software for re-
ceiving images continuously from the multi-camera sys-
tem, and information from the extrinsic calibration, and
returning locations of asparagus to be harvested. Broadly,
the procedures involved in the pipeline for each time step
are: generate a 2D probability map for each image, project
these maps to a common ground plane computed from
the extrinsic calibration, and detect potential asparagus
‘hypothesis’ on this ground plane. Finally, the hypothesis
are filtered temporally across time steps to improve accu-
racy. The four procedures are discussed further in the
following four subsections respectively.

Algorithm 1 Perception Pipeline

1: Input images from time ¢t =0 : end
2: Initialise Kalman Filter
3: for (t =0: end) do // for images each time step

4: for (I,—g.2) do // for images this timestep

5: procedure 1. 2D PROBABILITY MAP(I;)

6: I, = yCBCR(L;) // colour space transform
7: L, = ~(X;) // perform Gamma correction

8: Po,1,2),i = PCA(L)

9: procedure 2. GROUND PROJECTION(p; ;)

10: P, = KiTgTi_1 // projection matrix

11: H; = Pl[][O,l,?)]

12: G; = warp(p1,;,H;) // backward projection
13: procedure 3. FIND HYPOTHESIS(G;—0:2)

14: G = Z?:o G; // combine images

15: G = thresh(G)

16: G = removeClutter(G)

17: L;., = fitLines(G) // fit lines O:n

18: H1:ms E1:’m = hypOtheSiS(LizlznaLj:LnaLk:l:n)
19: procedure 4. FILTER HYPOTHESIS((1:m, X1:m)
20: 1imy 21:m = KalmanFilter(p1.m, X1.m)

21: for h=0:m do // for each hypothesis h

22: if (my, > thresh & 20cm < I}, < 25cm) then
23: Mark h for harvesting
2D Probability Map:  For each timestep images from each

camera are first processed to produce a representation of
probability of asparagus. Our approach involves colour
space conversion from RGB to yCBCR, gamma correction,
and Principle Component Analysis (PCA). The yCBCR
colour space has been chosen empirically based on the
relative contrast of plant matter to background. Gamma
correction was computed with v = 1.5. The first three
principal axis are generated, and the second axis is used
as the output probability map.

Ground Plane Projection:  The known camera poses and
ground plane provided by the extrinsic calibration are used
to project each image plane I to the common ground plane,
labeled G (see Figure 2). This is done by first computing
the camera projection matrix P € R3*% using
P=KTsT 1,

where K is the intrinsic camera matrix computed offline
via the Matlab Camera Calibration app (Matlab (2019)).

The camera pose T € SE(3) is obtained from the extrinsic
calibration, and T € SE(3) is chosen to transform the

B

Fig. 1. Ground Plane image obtained by projecting the 2D
probability map from each camera view to a common
ground plane.

inertial frame of the extrinsic calibration such that it
is aligned with the z-axis orthogonal to G. Let P =
[p1, 2, p3,pa] With each p; € R? representing a column
of P. The first three columns pi,ps,p3 represent the
vanishing points in G with respect to the z, y, and z
axis respectively, in homogeneous image coordinates. As
we have defined Ty such that the z-axis of the new
inertial frame is orthogonal to the ground plane then
p3 =~ (0,0,1)T, where ~ denotes equality up to scale. Set
H = [p1,p2,pa) € R3*3. This is an homography between G
and I. Points in each image frame I can thus be mapped
to G using a backward homography projection,

xZ; Tg
Yi| = H yg

An example ground plane image is provided in Figure 1.
This image is created using the scale 1 pixel = 1mm. In
this figure, each asparagus is represented by a ‘chicken-
foot’ object corresponding to the same asparagus pro-
jected from three different views. This is a novel method
of encoding multi-camera information in a single image
plane. We believe that the extra information encoded
in this image (three views of each object in one image)
has the potential to allow machine learning algorithms
to extract high quality estimates of object location and
pose, compared to typical single image-based algorithms
that perform estimates from single RGB images. While
the goal is to eventually apply such algorithms for 3D
localisation, this step is currently implemented via the
algorithm outlined below.

forie I and g € G.

Hypothesis Generation: ~ The ground plane image is
thresholded and morphological operations (closing with
the OpenCV line structuring element (Bradski (2000)))
are applied to remove ‘clutter’. Lines are fit to each re-
maining morphological ‘blob’ via a least-squares approach.
Area A, centroid ¢, and eccentricity e are also computed
for each blob. All line intersections are computed, and a
hypothesis of an asparagus 2D location within the ground
plane is represented by every set of three intersections.
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The hypothesis mean pup is computed as the centroid of
the triangle spanned by the three intersections,

pn=5(a+b+0 (1)

where a,b,c € R? represent the three intersections of

the given hypothesis. The hypothesis covariance Xj is

represented by the Steiner circumellipse of the triangle

(Wolfram (2019)) and the score of each triangle edge, via
2

Yp=| =0 (2)

where e and f refer to the major and minor axis of the
Steiner circumellipse respectively and S; refers to a score
of triangle side i. We propose a likelihood score S to be
2

where A and e are the area and eccentricity of the current
asparagus ‘blob’ respectively and 4 is found empirically
to be the area of a typical asparagus ‘blob’ in pixels. This
score is designed to provide a normalised measure of how
well the eccentricity and area of the detected blob matches
a typical asparagus. A hypothesis is added to the system
state if it satisfies the condition

(;gs < 0.6) A (t < 1) A (Mh c Ib) A (||zh| < 1),

I—p .
az/l\/lg" [|x||2 is the L2-norm of z, and

S:

)

where ¢ = |

2
[=""2l|un = cill2 3)
1=0

is the average length of the three asparagus ‘blobs’ in the
hypothesis (in pixels), y; and o; are found empirically to
be the mean and standard deviation in asparagus ‘blob’
length, ¢ is the centroid of the current asparagus ‘blob’,
and x € I, indicates that x lies within the ground plane
image, on an asparagus ‘blob’. This condition was chosen
empirically based on a range of tests run on farm and in-
lab data. Asparagus hypothesis height in meters (I € R)
can be obtained using Equations (1) and (3) and

2 1l
1 To9s Zi
R 10007 (4)

3 Z w ;
pur R AN -y ST

where z;,¥;, 2; represent the position of camera ¢ with
respect to G, and the scale factor ofﬁlOO is used due to
the imposed scale of Imm = 1 pixel in the ground plane

image.

Using this formulation, the probability encoded in the 2D
map is propagated to morphological blobs, then to lines via
the line scores S, then to 2D location hypothesis via up
and Xj. Finally, these hypothesis are filtered temporally
with a Kalman Filter.

3.3 Kalman Filtering
A 2D Kalman Filter (KF) is used to track hypothesis

temporally through successive ground plane images. Given
our expected harvester speed we expect each asparagus

(LJ Y3, ZS)
(72, Y2, 22)

Fig. 2. Relationship between image frames I; and ground
plane G. Where [; is the 2D length of the asparagus
in G projected from image plane I;, and puy, is the 2D
position estimate and [ is the height estimate.

spear to be in view for 30-50 frames. Temporal filtering
allows hypothesis to be refined and pruned over this
period.
The KF is applied to the following process model:
Xy =Xp1 + U + Wy
with observations of the form:
Zry =X+ Vi

Tl Uk
Xk = (?Jk>7 U = (Uk>7
Ui 0

Wk NN(Oan)a Vk ~ N(OaRk)a
0 0

where

Y
Qr = 0 Yo, 0], Ry = ng EO }
0 01 bk

and k denotes timestep, x,y represent the 2D location
of an hypothesis in ground plane coordinates, with as-
sociated measurements provided by pu; from Equation
(1), I represents the height of the asparagus hypothesis
obtained in pixels using Equation (3) and converted to
meters using Equation (4). The covariance Xj is found
using Equation (2), and ¥; represents the covariance of
the height estimate. The covariances Q) and Ry, represent
process and measurement noise respectively. Data associ-
ation of asparagus hypothesis between frames is obtained
via Lucas-Kanade Optical Flow (LKOF). Estimates for
Uk, Vg, 2y, and X, are obtained empirically from the
pixel-wise displacement obtained from the LKOF.

An asparagus hypothesis is considered to be valid if it is
tracked for a set number of frames (referred to as ‘track
length’ and labeled my, in Algorithm 1). If a hypothesis is
validated and its height meets the threshold condition it is
marked for cutting. The 3D cutting point is fixed at 2cm
above the ground plane.

4. EXPERIMENTS
4.1 On-farm

Image data has been captured at a nearby asparagus farm
on two occasions (Figure 3). This has allowed for testing



292 Gerard Kennedy et al. / IFAC PapersOnLine 52-30 (2019) 288-293

Fig. 4. In-lab rig for harvesting simulation. A sliding bar
attached to a motor system allows the camera system
to move over an asparagus bed at the expected speed
of the harvester.

of the performance of the physical perception system,
and robustness of the perception pipeline to outdoor
conditions.

Figure 5 presents an example result of hypothesis gen-
eration and filtering using on-farm data. While initial
hypothesis detections are noisy, the KF reliably filters
erroneous detections via an upper limit on the state co-
variance. Initial small covariance values are due to the
size of the Steiner circumellipse. Covariances grow due
to process noise, and when an hypothesis is not tracked
between frames, and covariances decrease when a data
assocation is made. During harvesting, an hypothesis will
be considered valid if it has a certain track length. The on-
farm dataset contains 30 frames, and the required track
length was set to m;, = 3. Using this track length, the
three hypothesis shown in Figure 5(h) were validated. At
this point the asparagus height estimate will be obtained
from the KF and harvested if it is tall enough. The 3 tall
spears met the target track length (mj, = 3) after 8 frames
and were marked for harvesting. The 2 smaller targets and
a horizontal spear are not detected, but these would not
meet the harvest threshold. No other locations surpassed
the target track length for the remainder of the dataset
(30 frames).

4.2 In-lab

Datasets simulating the perception system moving over
an asparagus bed have been captured in-lab via the

fabricated rig shown in Figure 4. A sliding bar attached
to a motor system allows the camera system to move over
an asparagus bed at the expected speed of the harvester.
Using this rig, the results shown in Table 1 were generated.

Table 1 contains the results of six experiments, each with
a different configuration of asparagus spears. Example
configurations are shown in Figure 6. A dense 3D re-
construction computed in OpenMVG is used as a pseudo
ground truth in this experiment. RMSE (mm) is the root
mean squared error in the KF estimate, & for a given
hypothesis, taken with respect to the estimate provided
by the 3D reconstruction, (i. That is

RMSE = \/1/N D (k- G

Exp RMSE (mm)
1 0.137
2 1.829
3 0.128
4 1.778
5 0.207
6 0.333
Overall 0.735

Table 1. Results of In-lab Experiments. RMSE (mm) is
the root mean squared error in the KF estimate.

Each dataset in Experiments 1-6 comprises of ~ 30
time steps, and the required track length is once again
set to my = 3. No horizontal spears were detected
during the experiments. This is due to the ground plane
projection, from which horizontal spears do not produce
the ‘chicken-foot’ representation of vertical asparagus.
This is advantageous as only upright spears are targeted
for harvest. This is experiment indicates that the proposed
pipeline finds asparagus cutting points robustly with a
high level of accuracy.

5. CONCLUSION

In this paper we have presented a perception pipeline
for robotic harvesting of green asparagus. The pipeline
utilises simple algorithms and a multi-camera rig to obtain
estimates of asparagus location in real-world conditions. A
novel single-view ground plane projection is presented as
a novel approach to condensing multi-camera information
into a single image. Results indicate that the pipeline
produces accurate location estimates, and performs well
in on-farm conditions.
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