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Abstract

Scientific phenotyping of plants is a crucial aspect of experimental plant
breeding [1]. By accurately measuring plant characteristics, phenotyping
plays a vital role in the development of new plant varieties that are better
adapted to specific environments and have improved yield, quality, and
resistance to stress and disease.

In addition to observing plants, robotic plant manipulation is becoming
an increasingly important area of research in agriculture [3, 49, 61], as it
has the potential to revolutionize farming practices. By using robots to
interact with plants, farmers could eventually achieve greater precision
and efficiency in tasks such as pruning, pollinating, and harvesting, leading
to improved yields and reduced labor costs.

However, obtaining labeled data for the assessment of phenotype estimates
or plant models can be an extremely challenging and time-consuming
process in agriculture [15, 16, 32, 39]. We tackle this common problem in
agricultural robotics along several avenues. First, we propose an unsuper-
vised assessment method for reconstructed 3D sorghum clouds, which are
used to count sorghum seeds for non-destructive phenotyping. Second,
we use highly consistent outdoor imagery to simplify vine segmentation
with low amounts of training data. Finally, we build 3D skeletal vine
models intended for vine pruning, and assess these vine models using an
unsupervised approach from previous work.

These skeletal vine models are then used in a case study in which we predict
pruning weight in grapevines, one of the factors in optimizing grape quality
and yield. Our results show that our approach outperforms previous
methods in predicting pruning weight, demonstrating the potential for
our method to improve agricultural practice.

Overall, our work highlights the benefits of 3D plant models for pheno-
typing and manipulation in agriculture, and presents a new approach to
assessing reconstructed point clouds. Our findings have implications for
the development of more efficient and effective agricultural practices, with
the potential to play a role in simplifying sorghum breeding and grapevine
pruning efforts through automation.
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Chapter 1

Background

1.1 Motivation

With recent advancements in data-driven computer vision, agriculture is widely adopt-
ing image-based techniques to efficiently inspect vast quantities of crops. Automated
crop inspections, which were not easily done before, enable farmers and breeders to
make real-time decisions to manage pests, disease, and drought, and to automate
laborious tasks such as phenotyping and yield prediction.

An agricultural phenotype is the set of observable characteristics of an individual
plant resulting from the interaction of its genotype with the environment, which
encompasses a broad set of plant features. Phenotypes of interest can include widely
varying characteristics from average kernel size, to the grams of protein per kilogram
of crop, to the number of grains per stalk in a cereal crop. In scientific plant breeding,
the collection of phenotype data for a given crop is important for decision making.
The earlier this phenotypic data can be conclusively collected for a crop variant being
tested, the better. Breeding experiments often stretch for multiple growing cycles to
conclusively test new plant breeds, so the ability to know a phenotype earlier allows
expedited decision making, saving breeders time and money. In Section 3 of this
thesis we explore a method of non-destructive sorghum seed counting, which could
be used to measure seed count before the end of the growing season.

Although accurate phenotype measurement is valuable for scientific plant breeding,

collection of phenotypic data is often very labor-intensive to gather. In practice,
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these values are often gathered by graduate students at agricultural institutions using
manual tools such as protractors and measuring tapes, or by inspection of visual cues
such as color and disease markers. For some phenotypes, such as number of seeds per
stalk of sorghum, it is infeasible to gather these values without automation and so
these measurements are not currently available to breeders. Automated phenotyping
of various characteristics is a common project in agricultural robotics, and in this

work we assess robotic pipelines to calculate two phenotypes:
1. Number of sorghum seeds per panicle
2. Pruning weight of a grapevine (a measure vine vigor/health)

In the common robotic paradigm of “Sense — Think — Act”, automated phe-
notyping generally falls mainly into the categories of “Sense — Think”. However,
as agricultural robotics has progressed, robots in the field have gained a stronger
understanding of their environment, allowing increased research into actions on that
environment. In this work we develop a portion of a perception system for vine

pruning, a type of plant manipulation.

Vine pruning during the dormant season is an important annual operation for
grape growers. It is a costly and labor-intensive process, one that growers may struggle
to staff due to shortages in skilled labor in agriculture. In some areas, mechanized
systems have taken over as the most cost-effective solution, but lack the ability to
selectively prune vines in a balanced manner to maximize grape yield and quality
in the way that a skilled pruner can [20]. Robotic pruning has the potential to
achieve superior outcomes compared to mechanized approaches by handling each
vine according to its needs, and has been an active area of research for multiple
groups [3, 14, 43]. However, robotic pruning efforts have focused on relatively simple
vines that are mostly planar, with vertically aligned growth. Vine segmentation and

skeletonization are discussed in Sections (4, 5).

Throughout this work we wrestle with the issue of scarce training data. Many of
the problems we tackle, such as sorghum seed counting and grapevine skeletonization,
would be amenable to machine learning techniques such as convolutional neural net
regression if there was a robust associated dataset. A number of factors play into
this issue. First, to tackle a given agricultural task you may need very specific labels,

such as pixel-wise labels of a certain plant variety. Depending on the requirements
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of the modelling project, you may even require labels of specific portions of each
plant. Commonly used non-agricultural datasets that feature greenery, however, may
lump plants together into large generic categories. Cityscapes, a commonly used
outdoor dataset for self-driving, labels only “terrain” and “vegetation” because those
are what are relevant for their use case. Compared to the well-funded commercial
efforts that have gone into building self-driving datasets, there has been much less
focus on building up robust agricultural datasets. In addition, it is difficult to create
accurate synthetic outdoor scenes because of the organic nature of plants. Many
synthetic datasets use widely available models of human-designed objects (furniture,
cars, toys, etc.) to construct artificial scenes. However, while plants are difficult to
model, a number of groups such as video game companies are concerned with making
useful plant models and this is an active area of development that should be leveraged
by researchers. That said, many plant models are only concerned with getting the
general look and feel right, without being accurate in the small details, which can

limit their usefulness in creating synthetic training data.

1.2 Scope and contributions

We propose a computer vision-based method for non-destructive counting of sorghum
seeds for early forecasting of yield. The non-destructive nature is important, as
typical methods of seed counting require the harvesting and stripping of the seeds
from the stalk. Our method, in contrast, could potentially be run on plants mid-way
through the season without interrupting growth. In order to create a 3D model of
each sorghum panicle from multiple stereo views, seeds are used as landmarks in
reconstruction. Next, to count seeds a density maxima-finding method is presented.
Accurate phenotype forecasting is valuable for sorghum breeding programs, as it
would allow faster decision-making on variant suitability, which could expedite the
current five-year breeding process [19]. Seed count would be a valuable phenotypic
trait, but it is currently not possible to sample in a non-destructive way.

In contrast to the large and well separated fruits typically inspected, we investigate
seed modelling on a sorghum panicle, which is more challenging from a computer
vision perspective. The seeds are much smaller than typically studied crops (average

diameter 3.3mm), making them difficult to detect and track. In addition, there is

3
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significantly more occlusion due to dense packing and clutter from husks. Although
there has been work on 2D image based instance counts for other crops [13, 21, 26],
it is still difficult to obtain an accurate count with sorghum.

We also propose a pipeline to create 3D skeletal models of dense dormant
grapevines using a graph-and-refine skeletonization strategy on semantically seg-
mented point clouds. These skeletal models are useful low-dimensional representa-
tions of vines, and can be used for cut location identification and motion planning
in the grapevine pruning process. Previous skeletonization approaches are generally
designed for simpler, sparse, and planar grapevines, so we improve current plant
skeletonization methods in order to produce accurate skeletons of complex, heavy
growth vines. In particular, we add the ability to model cycles in the skeletal model
to better capture dense overlapping growth.

In addition to producing vine skeletons, we also predict grapevine pruning weight,
a measure of each vine’s health and vigor. Knowing the pruning weight of vines is an
important step in balance pruning [44], as it is used to determine how much growth
to keep or remove in the pruning process. Collecting pruning weight manually is
time-intensive and disruptive to the pruning process, requiring the cut-offs from every
vine to be carefully segregated and weighed [46]. Improving the ability of a robot
to assess pruning weight has two benefits, it gives the grower plant by plant health
data and also allows the robot to choose better automated pruning locations. We use
3D and skeletal data to predict pruning weight on dense and occluded vines more
accurately than previous works.

We make the following contributions towards agricultural modeling and analysis:

e An end-to-end pipeline for non-destructive sorghum seed counting, along with

a related public dataset.

e A new unsupervised quality metric for reconstructed point clouds, developed in

order to improve 3D reconstruction quality and refine seed count.

An end-to-end pipeline for skeletonization of dense and complex dormant

grapevines, along with a related public dataset.

A modification to graph-and-refine skeletonization strategies that handles cycles

in the structure graph, allowing more accurate skeletal models.

State of the art automated pruning weight prediction results.
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In conclusion, both sorghum seed counting and grapevine skeletonization benefit
from a shared set of methods, including stereo imaging, 3D modeling, and Al image
processing. In both cases we also assess crop phenotypes, estimating respectively
the seed number and pruning weight. The general approach presented here could be
leveraged by future researchers in precision agriculture, hopefully smoothing the path

for future insights and development.
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Chapter 2

Related Work

Our work covers both 3D reconstruction of sorghum stalks for the purpose of counting
seeds, and the segmentation of grapevine point clouds for the purposes of skeletoniza-
tion and pruning weight estimation. Each of the subsections below cover the literature

related to a portion of the covered work.

2.1 3D Plant Reconstruction

With regards to reconstruction in agriculture, most works are focused on larger maps
and fields rather than single plants. For example, large field maps are reconstructed
in [7, 37], as well as many others. Orchard rows are reconstructed in [41] by merging
views using cylinders fit to trunks. This does not adapt well to merging sorghum
views, as the stems are too small to effectively fit in our data. Although localized
views of flowers and vines are captured in [36, 43|, they do not get a complete 360°
scan as we do when capturing data on sorghum stalks as described in Section 3.2.
Some works like [6] use 360° point clouds of plants, but they are collected using
high-quality scanning tables and do not need reconstruction algorithms to combine

successive views.
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2.2 Counting of Fruits and Seeds

Phenotyping during the breeding process is laborious if done manually, and as a result
several works address automated phenotyping using robots. In [47], UAV images
taken early in the growing season are used to predict end of season above-ground
biomass of growing sorghum plants. [2, 55] show that images collected from mobile
robots can be used to assess plant height and stalk size more easily than manual
collection. Component traits such as these are used in genetic research to improve
biomass yield. Our work explores seed counting as a form of phenotype assessment,

which was not possible at the resolution of these previous systems.

There has been a significant amount of recent work dedicated towards recon-
struction and counting in agricultural settings. Mapping and estimating the yield of
mangos in occluded environments using a FasterRCNN segmenter is presented in [45]
and [29]. Mapping and counting grapes in 3D by fitting spheres to point clouds along
with a Mask-RCNN network and TSVM classifier is presented in [34]. While these
methods work in their respective domains, they do not extend well to sorghum where
the seeds are smaller and the level of density and occlusions are higher, making the

seeds hard to consistently segment and fit shapes to.

There has also been relevant work in estimating seed counts for smaller crops from
single 2D images. Counting rice and soybeans with density maps using convolutional
neural networks (CNNs) is addressed in [13] and [26] respectively. These counting
networks overcome challenges such as variable object shapes and semi-translucent,
alabaster rice grains. However, the rice and beans have been stripped from the
plant and laid out such that there are few occlusions, which we do not do. Density
maps have also been used to count corn kernels on the cob, where the final count
is proportional to the density map count as a result of corn’s symmetric shape [21].
Similarly, [35] uses a KD-Forest based approach to detect grapes in clusters using
keypoint-based features, and estimates yield using a scale factor. These methods
employing scale factors from single images do not adapt well to sorghum due to
asymmetry in sorghum panicles. The projected sorghum seed count from a single

view of a panicle does not scale reliably to a full seed count.
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2.3 Segmentation for Agriculture

Semantic segmentation is the process of calculating pixel-wise boundaries of objects,
and it is a well-studied problem in computer vision. The first deep CNN approach to
segmentation was [31], and in the following decade there have been a large number
of works that expand the expressiveness, effectiveness, and flexibility of semantic
segmentation. Many of the fruit detection works discussed in Section 2.2, for example,
use some variety of popular open-source segmentation approaches. Progressive versions
of Mask-RCNN [17] and YOLO [38] are common choices with available code.
However, when it comes to segmentation of outdoor images, getting labelled data
is a challenging issue. This is even more true if you want to detect particular parts
of plants instead of just labelling the entire area as something generic like “plant”,
“foliage”, “brush”, etc. Training segmentation networks on low amounts of real-world
labelled data is an open problem, with many current approaches being explored.
Works like [15] explore automated approaches to propose labels to a human, speeding
up the labelling process by only requiring human corrections. Some segmentation
approaches such as [40] are designed to require less training data by relying on smaller
model size and using significant data augmentation. Pre-training networks on related
or unrelated images is a common approach to reduce training data, works like [39]
explore that for agricultural robotics. Style transfer between images is also being
explored to take a model trained in one outdoor setting and apply it to another
[16], because outdoor environments experience wide visual variation. We explore the
effects of model and augmentation choices on our task, grapevine segmentation with

low numbers of training images.

2.4 Skeletonization

A common general approach for skeletonization of plants from point clouds is the
graph-and-refine strategy. As presented in [5, 11, 30, 51], the first step in this strategy
is to turn points into a dense graph, choose an initial single path, and then refine
that path using a variety of methods. Finding a Minimum Spanning Tree (MST)
path through the dense graph is a common way to construct an initial path, which

we adopt. At the heart of graph-and-refine processes are the ideas that physically
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proximate points represent connected paths in the final skeleton, and the true skeleton
will be well represented by an directed acyclic (tree) graph. However, when processing
dense and overlapping vines, as is found in our dataset, connecting nearby points
causes loops that are poorly represented by a tree graph. In addition, it is common in
graph-and-refine methods to make allometric assumptions, where the radius shrinks
from the trunk through the branches in a known fashion, which does not hold for
grapevines. We choose AdTree [11] as a baseline representing this family of methods
as it has open-source code to compare against.

[30] represents a good point of discussion reference for the graph-and-refine strategy,
as it is a relatively early work that has multiple influences on the methods of this
thesis. The purpose of [30] is to take in real-world point clouds of trees and produce
both skeletal graphs and the predicted radius at that part of the skeleton. The initial

assumptions are that

1. The branch chains (subgraph) are smooth, as reflected by small bending angles

between adjacent edges.

2. The branch chains are longer and thicker near the root of the tree and shorter

and thinner near the crown.

3. The density of the branch chains is inversely proportional to their corresponding

thickness.

The presented procedure is to turn the raw points into a minimum weight spanning
tree that connects all points using Djikstra’s Algorithm. Then vertex importance is
calculated using the length of each vertex’s sub-tree, and an orientation field is used
to smooth the tree graph while taking vertex importance into account. Edges are
then collapsed so that long straight sections are represented minimally. Finally, the
above process is repeated iteratively to get better reconstruction results. The skeletal
output is used to update point weights in the Djikstra’s Algorithm step, leading
to refinement on multiple runs. As they claim, while it is able to connect skeletal
segments that are disconnected due to small-scale occlusions, it is not designed to
reconstruct the skeleton over large regions of missing data. In addition, it is not
designed to function with the level of dense vine growth that we attempt to model.

Skeletons are often generated for plants because cylindrical segments capture

most plant growth, but skeletonization is also studied in other contexts. Laplacian
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Contraction (LC) [4] is a method of general skeletonization, based on point contraction.
By design LC on points returns a cloud without connections, where points have been
compressed to the predicted skeletal axis, and does not calculate skeletal radii.
Learning based skeletonization methods exist as well [27, 52], but thus far they are
based on synthetic data and have not been trained or evaluated on field data, and

thus are not compared against in this work.

A variety of works deal with robotic pruning, for both trees and vines. In [53] a
human chooses tree branch pruning points in an image, and the robot makes cuts
using image-guided control. In [54] skeletons are built for pruning based on strong
geometric assumptions about Upright Fruiting Offset (UFO) tree structure, which
are not suitable for vines. [3, 14, 43] represent fully integrated pruning efforts that
build vine models using 2D image edge tracing, region growing, and proximity-based
2D node connections, respectively. These works are evaluated on simple vines, and
the modelling approaches do not generalize to dense growth. In this paper we push

perception capabilities that could enable integrated approaches on denser vines.

[3] was the first fully integrated vine pruning robotic system, and represents
a relatively heavy-duty and capable approach. In this work a mobile platform
completely covers the vines and is moved along the row with a winch. Inside the
mobile platform active lighting, three cameras for trinocular stereo, and a robotic arm
with an endmill-based cutting implement are placed to interact with the vines. For
computer vision, cane edges are detected and combined into 2D vine structures using
stochastic image grammar. These 2D vine structures are then combined between
multiple views in an bundle adjustment approach, and path planning for pruning
cuts are done using this 3D model. As discussed earlier, pixel-wise labelled data
for ground-truth assessment is difficult to obtain for agricultural images. This work
used an unsupervised reconstruction metric for vineyard-scale assessment that we
adopt, intersection-over-union (IoU) between the reconstructed vine models and the
foreground /background segmented images. This is computed by back-projecting
the skeletal model into every image and comparing it with the segmentation masks.
Although [3] represents a full integrated grape pruning pipeline, the methods are
designed for and evaluated on relatively simple and planar vines. We propose a
pipeline to perform a single step in the pruning process, skeletonization, but develop

it to handle much more dense and complex vine structures.
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2.5 Pruning Weight Estimation

Because pruning weight is a valuable metric for grape growers that is labor-intensive
to collect by hand, there is prior research into automated pruning weight prediction
from images. In [33] pruning weight is estimated from 2D cane segmentation using
a monocular camera and active lighting at night, mounted on an all-terrain vehicle.
Linear regression is used to map the number of pixels segmented as “vine” to the
pruning weight. In [22], pruning weight is estimated from foreground segmentation
using depth data. Similarly to the above method, linear regression is used to map the
surface pixel area of the foreground (obtained using the depth data) to the pruning
weight. In both cases the vines being assessed are relatively simple and planar, and

the methods do not transfer well to the dense vines in this dataset.
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Chapter 3

Sorghum Seed Counting

3.1 Task

Counting sorghum seeds in a non-destructive manner is a useful task within the field
of experimental plant breeding. Given seed count, researchers could rank variants
earlier in the growth cycle, without having to wait for the end of season harvest. We
explore the use of a 3D reconstructed model of a sorghum panicle, captured from
multiple viewpoints around the stalk, to accurately count sorghum seeds. In order to
count seeds in the 3D model it is necessary for the reconstructed model to achieve a
high level of accuracy, specifically at the scale of seed size (typically a few millimeters
across). An overview of our counting pipeline is shown in Fig. 3.1. All work in this

chapter on sorghum seed counting was done in collaboration with Harry Freeman.

3.2 Dataset

In order to generate a high-quality 3D model of sorghum panicles, we set up an
automatic data collection process by attaching a flash stereo camera [42] to the wrist
of a URSH arm. The robot follows a circular trajectory around the panicle as shown in
Fig. 3.1, which results in 360° images of each panicle as illustrated in Fig. 3.2.
These stereo images were collected for 100 sorghum panicles. There were 10

panicles from 10 different species as seen in Fig. 3.3(a). To evaluate our proposed
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Figure 3.2: Hlustration of 90° separated images for the top and bottom rings.

method, we manually stripped panicles (Fig. 3.3(c)) and counted all seeds using
an automatic seed counting machine' (Fig. 3.3(d)), which serves as ground truth.
The process of stripping seeds, removing husks, and counting took significant effort,
on average 40 minutes per panicle, which reinforces the usefulness of an automated

method for yield estimation.
Wadoy Automatic Seeds Counter, Sly-C
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3. Sorghum Seed Counting

()

Figure 3.3: (a) 100 sorghum panicles from 10 different sorghum species. (b) Our data
collection system, a stereo camera attached to the URS robot arm. (c) Seeds were
manually stripped and (d) counted using a seed counting machine.

Random errors in the seed count include some lost seeds that fell off panicles
between image collection and hand-counting. Affecting the count in the opposite
direction, some unremoved husks were counted as seeds by the counting machine
despite manual efforts to separate seeds from husks. We expect the effect on the
ground truth to be small. The stereo images, camera poses, human-labeled seed

segmentations, panicle weights, and human-counted seed counts can be found in our
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3. Sorghum Seed Counting

dataset?. An example of the images, depth data, and segmentation results are seen
in Fig. 3.4.

Figure 3.4: Visualized example of the images, depth data, and segmentation results
in our sorghum dataset.

3.3 Reconstruction and Counting Approach

We go through a multi-step process to create a 3D model of the sorghum panicle, from
which a seed count is calculated. To build the 3D model we spatially downsample
the images taken to only consider images I; € I and poses T; € T in the shape of a
double ring, spaced becm apart, as seen in Fig. 3.1. Roughly 85 images per panicle are
left. A double ring was used because the camera field of view could not capture the
entire panicle height. We use a trained instance segmentation model to identify seed
masks, and use RAFT-Stereo [28] to construct point clouds for each frame. Using
Iterative Closest Point (ICP) on the segmented seeds, we construct a pose graph that
aligns all point clouds to create the final high quality point cloud C. Lastly seed
masks are combined between all images I; to obtain a final seed count.

2High-Resolution Stereo Scans of 100 Sorghum Panicles at https://labs.ri.cmu.edu/aiira/
resources/
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3. Sorghum Seed Counting

3.3.1 Instance Segmentation

Instance segmentation is a form of image segmentation that detects single instances
of objects (in this case seeds) and delineates their boundaries. We need instance

segmented seeds for two purposes:

1. We found reconstruction is more reliable when using seeds as landmarks instead
using full point clouds (Method: Section 3.3.2, Results: Section 3.5)

2. We used seed masks as the the basis of our counting approach (Method: Sec-
tion 3.3.3, Results: Section 3.6)

Given a stereo image pair, we acquire a 3D point cloud semantically labeled
with individual sorghum seeds by first calculating instance segmentation on 2D
images, then projecting those masks onto the stereo points. In order to train an
image segmentation model, hand segmented seeds from ten 1440 x 1080 sorghum
images, spread evenly across different species, were used to fine-tune an ImageNet-1K
pretrained CenterMask [24] instance segmentation network. Inference is performed on
120 x 90 tiles, then merged. Conflicting masks are merged if the IoU is high enough,
or the higher confidence mask is chosen. After training, seed masks are projected
onto the point cloud.

In order to choose high-quality seed points, the segmented seeds go through a few
filters. First, segmented seeds where more than 15% of the segmented pixels have
invalid disparity are removed. Then seeds where more than 15% of the pixels are
dropped by a radius outlier filter are also removed. The remaining points are used as

3D seed points, and the median of each seed cloud is treated as the seed center.

3.3.2 Global Registration

Given a series of stereo images from different viewpoints, we need to determine the
placement of the cameras in each viewpoint to create a combined point cloud of
the panicle. We do this by registering point clouds from different viewpoints via
pose graph optimization [8]. One challenge is that the clouds are dense, and ICP
on the full cloud performed poorly due to bad correspondences, an example of ICP
falling into local minima. Instead we choose a limited set of high-quality points in

the cloud and run ICP only on those points, somewhat analogous to performing
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3. Sorghum Seed Counting

optical flow on higher quality landmarks like SIFT features. Instance segmented
seeds with high confidence are identified based on their inference scores. The set
of good seeds from image I; are then used as node P; in the pose graph, and pose
graph optimization is performed using the Levenberg-Marquardt algorithm [25]. An

example of a reconstructed panicle is shown in Fig. 3.5(b).

Figure 3.5: Example reconstruction results. (a) one of the original RGB images, (b)
the colorized point cloud, (¢) zoomed view of the colorized point cloud at the stem,
mid-body, and tip. Some points of interest include the “8” on the stem label, and
the body outline which matches the RGB outline well.

We observe that using camera poses from arm kinematics to initialize ICP yields
poor results on the scale of seeds. This is due to error in extrinsic camera parameters,
despite using a standard hand-eye calibration process. Hence, we refine the camera

pose priors by maximizing seed mask overlap. The seed masks of two neighboring
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3. Sorghum Seed Counting

nodes P; and P; are projected into a common image frame, at the average pose
between T; and T;. We search for the pixel shifts that yield maximum intersection
over union (IOU) of seed masks as shown in Fig. 3.6. The No Shift Maximize ablation

test in Fig. 3.14 shows that this IOU maximization improves reconstruction.

Seed Masks 1 Seed Masks 2 Initial Overlap Final Overlap

Figure 3.6: Matching mask structure with maximum IOU. Seed masks 1, seed masks
2, and their intersection are colored blue, yellow, and green in respective order.

3.3.3 Counting

In order to obtain a final seed count, we use the 3D model to ensure that a single
true seed segmented in multiple images will be counted only once. The following 3D
counting method performs this combination of 2D counts while handling the close
proximity of neighboring seeds, spurious detections, and noise in the point cloud.
First, 3D seed centers are clustered using density-based spatial clustering (DB-
SCAN) [12], as shown in Fig. 3.7(d). Seeds are then counted in each cluster. Next,
we adapt the concept of 2D image smoothing and apply it to 3D point clouds. In
image processing, a 2D Gaussian filter smooths an image by calculating a weighted
average around each pixel’s neighborhood. We take this idea and extend it to 3D. In
our method, each seed center in the cluster is treated as a unit-impulse, and each
impulse is smoothed around a volume of space using a 3D Gaussian sphere. Areas of
space near multiple centers will have a higher density that those that are further away
or near fewer centers. An example of this density map can be seen in Fig. 3.8(c).
Once the density values are calculated for the cloud points, the final step to
calculate the number of seeds in each cluster is to find the local maxima within a

defined radius. This is a type of non-maximal suppression (NMS) on the density
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3. Sorghum Seed Counting

Figure 3.7: (a) An example of a final point cloud seed mask, (b) zoomed seeds, (c)
seed centers, (d) seed centers clustered with DBSCAN, and (e) final seed sites.

Figure 3.8: (a) Seed point cloud that has been put in a single cluster by DBSCAN, (b)
seed centers from individual images, (c¢) seed points weighted by seed-center density,
and (d) local maxima (pink) that have been chosen as seeds.
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3. Sorghum Seed Counting

values. Each local maximum corresponds to a unique seed and is treated as the
location of the seed’s center as shown in Fig. 3.8(d). Once all local maxima are found
for each cluster, the total number of maxima becomes the final seed count. Fig. 3.9

gives an example of this seed-detection process on an entire panicle.

Figure 3.9: From the cloud of masked seed instances (left), we find detected seed
centers from all views (middle). After identifying maxima in the density cloud the
final, filtered seed positions are given (right).

21



3. Sorghum Seed Counting

3.4 Unsupervised Evaluation Metric

Several prior works [57, 59] discuss quantitative reconstruction evaluation in the
absence of ground truth, but they require that the final output to evaluate against is
a mesh. Our reconstruction method produces a dense point cloud, so we developed
and validated a novel cloud-only rendering based method for assessing reconstruction
quality in the absence of ground truth. We compare a small circle of pixels sampled
from an RGB image I; € I, centered on a sampled seed, against a projected render of
the same seed made using the full reconstructed cloud. The point sampling process
is visualized in Fig. 3.10, and example renders are shown in Fig. 3.11. A sampling
function A is defined so that K seeds are sampled per image along the center of
the vertical axis where the projections are cleanest. This method experimentally
indicates relative levels of noise in the reconstructed point clouds by comparing

rendered sections to the original RGB images.

To validate this framework, noise was purposefully introduced in the camera poses
T,;. In this way we created multiple reconstructed clouds, with varying levels of
introduced noise. The strongest response to introduced noise came from normalized
grayscale image patches. Both the mean-squared error (MSE) on image gradients,
and the Structural Similarity [48] (SSIM) on image Laplacians responded well to the

introduced noise, shown in Fig. 3.12.

A variety of comparisons were run on pairs of RGB image patches and the corre-
sponding rendered patches in order to settle on these operators. To find the strongest
response to noise we checked all combinations of RGB/grayscale, normalized/un-
normalized, and comparing the intensity/gradient/Laplacian of the two patches.
These operations are visualized in Fig. 3.11. Two examples of our image-to-render

comparison with their corresponding MSE and SSIM scores are shown in Fig. 3.13.

Our reconstruction quality metrics “afS-MSE” and “af-SSIM” are defined as
follows. For each image, the sampling function A samples K seeds from S;, where
S; are the seeds in image I;. For a sampled seed s;;. € S;, the image patch oy, and
rendering of the point cloud f;; are generated, both of which are grayscaled and
normalized. The MSE and SSIM of «;;, and §;, are calculated, then averaged over all

seeds and panicles.
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3. Sorghum Seed Counting

Figure 3.10: (a) RGB image of a sorghum panicle, where a single seed (highlighted in
red) has been selected by the sampling function A. (b) Visualization of the render
projection, where a cone (blue) reaching out from the render origin selects only the
points around the chosen seed.
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RGB (original) Rendered from cloud Normalized RGB

Grayscale

Normalized Grayscale

Grayscale Gradient Grayscale Laplacian

Figure 3.11: Examples of the image operations that were explored when finding patch
comparisons most sensitive to reconstruction noise.
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Figure 3.12: Response of chosen metrics to introduced noise. Noise took the form of
homogeneous transforms, with translational noise drawn from a Gaussian N(0,0 =
scale * 0.4mm) and rotational angle noise drawn from a Gaussian N (0,0 = scale *
0.5mrad). After the random transforms the cloud was recalculated and rendered.
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MSE: 0.823, SSIM: 0.053

MSE: 0.160, SSIM: 0.210

Figure 3.13: Qualitative examples of the reconstruction metrics. On the left are
image patches, on the right are patches rendered from the reconstructed point cloud.
Patches are normalized so each channel has min/max values of 0/255.

MSE = - 3 [Vau — V5] (3.1)
pixels
af-MSE = — Z Z > MSEy (3.2)
i keX(S;)
af-SSIM = PZ Z Z SSIM, (3.4)
i keA(S;)

Here V is the image gradient, £ is the image Laplacian, % DD ke S indicates
an average over sampled seeds in all images, and % Zp indicates an average over all

panicles.
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3.5 Reconstruction Results

We assess the effectiveness of our reconstruction approach with ablation tests using the
reconstruction metrics described in 3.4. Below references to “af-MSE” and “a8-SSIM”
are referring to these specific operations on image and rendered patches. Note that
growing af-MSE (error) and dropping a8-SSIM (similarity) both indicate a worse
match. Fig. 3.14 shows results of ablation and comparison tests on reconstruction

quality.

Reconstruction Results
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Figure 3.14: Noise metric results showing growing error and dropping similarity for
reconstruction experiments. The vertical bars are the 95% confidence intervals for
the mean of the per-panicle scores.

1. Our Method: Our final method. All experiments below are tweaks to this
approach. This had the best average a-MSE and a-SSIM scores.

2. No Shift Maximize: The mask overlap maximization discussed in Section 3.3.2

is not used. This resulted in a slight decrease in reconstruction quality.

3. No Final Optimize: The pair-wise ICP transformations discussed in Section
3.3.2 are still used to adjust cameras relative to the first frame, but the final

optimization is not applied.

4. Full-Cloud ICP: Instead of running pair-wise ICP on masked seed points,

ICP was run on the full point clouds. This test showed a significant drop in
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reconstruction quality.

5. Arm Kinematics: Views were combined using the arm kinematics, with no pose
optimization. Although kinematically reconstructed panicles could be used for
applications like collision avoidance, they had the worst reconstruction scores
and could not be used for counting. Single seeds were clearly represented in

multiple 3D locations, “smeared” cylindrically around the panicle.

The best reconstruction results came from pose adjustment using ICP on points
determined to be high-quality seeds, and did notably better than ICP naively done
using the full cloud from each image. Our hypothesis on why full-cloud ICP is worse
is that sorghum is very organic and complex, and picking out meaningful, high-quality
areas for ICP to operate on reduces the likelihood of ICP falling into a local minimum.
As was discussed in Arm Kinematics, the required quality of reconstruction depends
on your application. When using 3D structure to identify overlaps in 2D segmentation,
decreasing reconstruction quality will lead to counting errors as identifications of the

same seed drift apart in space.

3.6 Counting Results

As shown in Fig. 3.15, the seed count produced by our method has a strong linear
fit to the ground truth seed count, with an R? of 0.875. The 10-fold RMSE using
a 75/25 train/test split calculates an average prediction error of 295 seeds. We are
pleased with the quality of this fit, since sorghum panicles have internal, hidden seeds
that cannot be seen from an outside view. The only way to expose all seeds is to

strip them off the panicles, a time-consuming process.

Ultimately, the primary characteristic for sorghum is its yield weight, which
represents a sellable quantity of the crop. The fit between count and seed weight is
still reasonably representative, with an R? linear fit of 0.819 as shown in Fig. 3.16,
but it fits slightly less well than the seed count. This may be due to variations in
seed density. The 10-fold RMSE using a 75/25 train/test split calculates an average

prediction error of 8.5 grams per panicle.
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CV Count vs. Machine Count
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Figure 3.15: Fit between our method’s count (Computer Vision/CV Count) and the
ground truth count as described in Section 3.2.
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Figure 3.16: Fit between counted seeds and seed weight, which is the weight of seeds
after they have been stripped off a panicle and cleaned of husks.
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3.6.1 Benefits of 3D Data over 2D

In [21] it was shown that it is sufficient to take a 2D count of one side of an ear of
corn and scale that to a full kernel count. To test this, ears were rotated around
their long axis in 90° increments and imaged, and it was found that the single-image
kernel counts at each 90° increment had low variation because kernels were generally
evenly distributed. In contrast, sorghum is more complex in shape, and therefore has
more variation when a full count is extrapolated from a single image. In Fig. 3.17

and Fig. 3.18 we compare the predictiveness of 2D and 3D counts.

2D to Ground Truth Fit 3D to Ground Truth Fit
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Figure 3.17: Comparison of 2D and 3D counts fit to ground truth. 2D count comes
from a single image per available panicle and has a lower R? score, indicating worse
predictive performance for linear regression. The 10-fold RMSE for these 2D and 3D
counts are 353 and 204 respectively.

Comparing 2D and 3D extrapolation is a somewhat unfair comparison because
3D methods have more data available (dozens of images vs. a single image), but it is
important to evaluate for hardware considerations. Getting images surrounding a
plant for 3D reconstruction is more costly in terms of system complexity, requiring
the camera to be actuated rather than fixed to a mobile base such as a tractor, so it
is important to assess what relative benefit the 3D method brings.

In order to test the extrapolation principle, we obtained 2D segment counts from
images spaced 90° apart. This was complicated by the fact that some panicles were
too tall to be captured in a single frame. To avoid trying to combine segmentation
counts from multiple images, we only use counts where the full panicle is visible in

four 2D views. 36 out of the 100 panicles met this criteria, enough to get a reasonable
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representation.

As seen in Fig. 3.17, 3D counts have a significantly better linear fit to the ground
truth counts, with an R? of 0.885 compared to 0.596 for 2D counts (sampled randomly
from the 90° separated views), demonstrating that 3D count is a better predictor of
the desired feature. The variation in 2D count within each panicle can be seen in
Fig. 3.18. There are significant variations in extrapolated counts within each panicle,
often stretching to 20-40% of the ground truth value.

Variation within views of same panicle
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Figure 3.18: Variation across viewpoints among the 36 panicles, using a linear fit to
extrapolate from 2D count to an estimated full count. Linear fit parameters have
been recalculated to use all four 90° separated images per panicle instead of a random
one as in Fig. 3.17. R? on the increased views was 0.634.
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3.7 Extensibility

Although the images in this section were captured in the lab, in-field image capture
from an arm mounted on a mobile base could be achieved with further research. The

primary challenges that would have to be overcome are:

e Sorghum grows close together, and in the field a single stalk would likely not be
naturally available for use to encircle with the robot arm. For imaging purposes
it would be necessary to isolate a stalk with the required amount of surrounding
free space. Our lab is investigating the use of robotic arms for manipulating

branches, which could naturally extend to pushing neighboring stalks away.

e In the lab, we took images on a black background for simple color-based
foreground segmentation. Images taken in the field would require a more nuanced
foreground segmentation approach, but this should be achievable because we
have depth data from stereo images and additionally image segmentation is a

well-researched area of study.

e Qur currently trained instance segmentation network would not work on field
images due to domain shift, so new data from the field would need to be labeled.
The use of an illumination invariant camera for imaging [42] will ease that

process by requiring less data for a good model.
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Chapter 4

Low Data Cane Segmentation

4.1 Task

In addition to counting sorghum seeds, a separate challenge explored in this work is
the skeletonization of dormant grapevines for pruning purposes. The skeletonization
process is designed to model vines of higher complexity and growth than previous
robotic pruning works. As part of processing data for skeletonization, it was necessary
to separate out points in the point cloud according to their class to determine which
points formed the vine body. We solved this using semantic segmentation, a well-
studied image processing problem. In our images from the vineyard, we classify pixels
into the classes of background, cane, cordon, post, leaf, and sign, where posts were
the metal stake supporting each vine and the signs were black and white fiducial
boards. The full skeletonization process, which uses the semantically segmented
images produced by the models discussed in this section, is presentated in Section 5.

One particular challenge in training semantic segmentation models for this use case
is the extreme lack of labelled data. For context, two popular semantic segmentation
datasets today are ADE20k [60] and Cityscapes [10]. ADE20k contains 25,574 training
images, while Cityscapes has 20,000 coarsely labelled images and 5,000 finely labelled
images. As discussed in Section 4.2.1, we work with 91 labelled images total, 64
of which are in used for training. Thus our task was to train a vine-segmentation
network to operate well with low amounts of training data, leveraging illumination

invariant imaging [42] and geometric augmentations.
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4. Low Data Cane Segmentation

Key Terminology

Vine: one full plant, including the cordon and all individual canes
Cordon: oldest part of vine, similar to a tree trunk

Cane: one branch of the vine, growing from the cordon and potentially splitting

into further canes

______________________________
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Figure 4.1: Simple diagram for the Key Terminology.

4.2 Dataset

When capturing grapevine data for skeletonization, the primary sensor data captured
consisted of stereo images from side and down-facing camera pairs along a linear
slider. Images were taken at seven points along a linear slide for each grapevine, then
the mobile base moved to the next vine. Data capture was done using the platform
from [43] (Fig. 4.2), using the flash camera from [42] which collects consistent images
in varied outdoor lighting conditions using active lighting.

The cross-image consistency greatly benefits image processing algorithms like
segmentation, because vines at different times appear substantially similar as shown
in Fig. 4.3. In total 144 Concord vines were scanned. The grapevines are ownrooted
vines planted in 2012 with a 8.5 foot row spacing and 8 foot vine spacing. They
are single-wire trained to a six-foot high bi-lateral cordon and cane pruned with a

sprawling growth habit.
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Flash Stered
Cameras

Figure 4.2: Robotic data capture platform with two stereo pairs on a linear slider,
introduced in [43]. In this dataset the arm-mounted camera images were not used.

Figure 4.3: (a) Image taken close to noon, in full daylight. (b) Image taken after
sunset. Although the background differs significantly, the appearance and texture of
the vines is very similar. As investigated in [42] the consistency aids in learning with
smaller datasets.
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4. Low Data Cane Segmentation

4.2.1 Annotation

Annotating pixel-wise classification of these images took a significant amount of time,
around 1-3 hours per image. Compared to simple shapes where a pixel-accurate
boundary can be captured with a few lines, hundreds of dense and extremely thin
canes per image took significant effort to carefully delineate. Due to the high effort of
annotating segmentation for high resolution images with many thin features, only 91
images were labeled pixel-wise using polygons, broken into the classes (background,
cane, cordon, post, leaf, sign). The stereo images, class annotations, and pruning
statistics, along with more information about the robot platform and vine variety,

are available as a public dataset! as shown in Fig. 4.4.

Pruning Weight:

| 1.4241bs

Buds Removed:
411

Buds Remaining:
90

Length Removed:
32.75 m

Figure 4.4: Example of a captured stereo image (left), class annotations (middle),
and expert-assessed pruning values (right).

4.3 Results

In order to separate cane points from other classes in the point cloud, we use learning-
based 2D segmentation to classify pixels in the stereo images, then apply class masks
onto the stereo disparity. We assessed various image-based segmentation models and

picked the most performant.
IStereo Data for 144 Winter Grapevines at https://labs.ri.cmu.edu/aiira/resources/
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4.3.1 Model

Using the MMLab segmentation toolkit [9], we tested a series of models. The goal
was not to fully explore the space of models, but instead span the conceptual space

to try and find a functional model. The models tried were:
e FCN [31]: fully connected autoencoder-like model
® UNet [40]: designed for simplicity and low amounts of training data

e BiSeNet [56]: split network designed to pass semantic and spatial information

along separate paths
e Segformer [50]: transformer-based architecture

The 91 labeled images were split randomly (70/20/10) into train/validate/test
sets, leaving 64 images for the training set. One weakness when setting up the training
approach was that all images were treated equally, and the train/test split did not
purposefully keep all labelled images of a given vine in the same split. However,
because there are 91 labelled images and 144 vines, the cases where images of a single
vine are randomly double-sampled and then found in both train and test should be
extremely rare and have minimal impact on the results. The models were trained
from scratch? for 125 epochs on a NVIDIA GeForce GTX 1080 Ti. As seen in Fig. 4.5,
UNet has the highest performance among the tested models. This is interesting since
it is a smaller and less expressive architecture, but in this case the relatively small
amount of training data available likely made the lower capacity model more viable.

We assess the models using F'1 score, which combines precision and recall into a

single classification metric.

TP
Precision = FP+ TP Proportion of correct positives
Recall = P P ti f real iti ht
ecall = FNLTP roportion of real positives caug
TP

F1 Common combined score

" TP+ L(FP+FN)

We use the F1 Score Macro Average value to assess performance on all classes,

2Except for Segformer, comes pre-trained on ImageNet-1K
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Best Test Results by Model
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Figure 4.5: Best results by model We can see that UNet does slightly better than
Segformer at predicting canes, but significantly better when predicting all classes.

defined as the per-class F1 mean. Macro-averaging is encouraged when working with
imbalanced datasets where the importance of all classes is equal, which is a good
description of our label distribution.

Table 4.1 contains the per-class F1 results for the best UNet model, showing a
good balance of performance across all classes, with the exception of the sign class

which is of particularly low incidence.

Class 1 Class 2 | Class 3 | Class 4 | Class 5 | Class 6
background | cane | cordon | post leaf sign

| 0973 | 0.847 | 0.843 | 0.896 | 0.884 | 0.625 |

Table 4.1: Per-class F1 scores for the final model

A variety of hyperparameter and augmentation values (Section 4.3.2) were tried
during model testing. In Fig. 4.6 we can see the full spread of resulting performance
on the test dataset. Although UNet performed worse than Segformer in a few

experimental conditions, in general it held strong as the most reliable architecture.

4.3.2 Augmentations

When training on low amounts of labeled data, data augmentation is important to

improve performance and reduce overfitting. Speaking generally, data augmentation
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Comparative performance across various settings
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Figure 4.6: Segmentation architecture comparison under a variety of settings.

for machine learning is the process of artificially increasing the size of a training
dataset by applying various transformations or modifications to existing data. We
tested the common geometric augmentations of image rotation, image resizing, and
random cutouts. In addition, we tested a photometric augmentation function where
the brightness, contrast, saturation, and hue were modified randomly. Results of

these tests are shown in Fig. 4.7.

We found that geometric augmentations improved performance across the board.
In particular, randomly resizing the input image was strongly beneficial to accuracy,
presumably by helping the model learn features that are more scale-independent.
Meanwhile, photometric augmentations slightly degraded performance. This is likely
because the flash images have such a tight domain that photometric augmentation
pushed the training images outside of the domain seen in validation/test images. For
segmentation we therefore use UNet with geometric augmentations on the training

images.
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Testing data augmentations
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Figure 4.7: Tested a variety of image augmentations, and found that at convergence
“Resize” had the largest beneficial effect and “Photometric” was the only augmentation
that hurt performance.

4.4 Dilation for Precision

Using the final UNet model, we noticed a pattern in cane segmentation errors where
the centers were largely correct, with errors at the cane edges. This is understandable,
since getting sharp edges is a consistent issue with current segmentation architectures,
but is also problematic since thin structures like canes have a significant proportion
of edge per instance. Vine skeletonization is the end goal of this segmentation effort
(Section 5), and in skeletoniation we only care about tracing cane centers, so we
improved performance in the regions of interest by discarding cane edges.

This is done by getting the 2D skeleton of the segmentation using [58], growing the
2D skeleton with dilation, then taking the intersection of the dilated shape with the
original so we do not expand outside the original mask. Note that we are not eroding
the cane mask by a set number of pixels, which would potentially erase small canes
entirely, but are instead growing outwards from the 2D skeleton so that small lines
are preserved. Precision improvements were assessed on test set images in Fig. 4.8.
By using a 3-pixel dilation, we improve precision by 4.6% while keeping a functionally

reasonable number of points available for processing, as shown in Fig. 4.9.
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(a) Cane Precision with 2D Skeleton Dilation
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Figure 4.8: (a) Improving cane precision by discarding edge predictions, showing
the mean and std. dev. From the original to the 3px cutoff the precision improved
from 0.832 to 0.878, +4.6%. 1px on the z-axis means that the most edge points were
removed, whereas Original does not discard any points. For this dataset 3px appears
to be good compromise between getting more points to work with while keeping
precision high. (b) Qualitative example of segmentation error (yellow indicates
classification error), most errors are at the cane edge.

4.5 Conclusion

In the end, we use UNet trained with geometric augmentations as the cane segmenta-
tion model. The precision of the cane segmentation is then improved before use by
discarding mask edges, allowing us to just trace points along the cane centers. This
segmentation model is used as an early building block for Section 5. Once model
inference is run to create segmentation masks on one image in the stereo pair, we
project these masks onto the stereo point clouds and use clouds consisting only of

cane points for skeletonization.
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\,_

(c) Point cloud after dilation for precision improvements have been applied. As
can be seen there are still some reconstruction issues, such as the separated cane
portions running parallel, but a great deal of edge noise is eliminated.

Figure 4.9: Ilustration of the filtering effects of (b) class segmentation and (c) dilation
on the reconstructed vine point cloud.
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Chapter 5

Grapevine Skeletonization

5.1 Task

In order to robotically prune vines, an accurate and connected model of the vine is
necessary. When pruning, this model has multiple uses - the robot must first choose
cut locations based on pruning rules, then plan a motion path to those cut locations
while avoiding potentially damaging collisions. In this section, our main objective is
to generate high-quality skeletons of vines that are more dense and complex than in
previous works. The skeletal models consist of line segments in 3D space representing
the center of the cane, along with associated radii. The baselines and the presented
method are designed to process a point cloud that has been semantically cropped to
retain only vine points, and from that generate a skeletal model. After skeletonization
we discuss one potential use case, which combines 3D and skeletal data to predict

pruning weight (a measure of vine vigor) for a given vine.

s N

Key Terminology

Balanced pruning: method of pruning more or less of a vine based on vine
vigor, aimed at balancing yield, quality, and growth

Allometric growth: in plants, the consistent patterns of growth, especially
for proportions and sizes

Pruning weight: mass of all canes less than one year old cut off a single vine
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5. Grapevine Skeletonization

Figure 5.1: (a) Point cloud data and overlaid skeleton for a typical vine in this dataset.
(b) Typical simple vine used in prior robotic grapevine research. Note that vines are
trained in wires to roughly grow vertically in-plane. (c¢) Vigorous example of vines in
this dataset, scene size is {width: 3.3 m, height: 1.8 m, depth: 1.2 m}.

5.2 Dataset

For skeletonization, we use the stereo images described in Section 4.2. In addition, we
use our skeletons to assess pruning weight, a measure of vine health. In order to get
ground-truth pruning weight data, collaborators at the Cornell Lake Erie Research
and Extension Laboratory captured pruning weight measurements for all 144 imaged
vines. For a subset of 30 vines they also captured number of buds removed, length

removed, and number of buds remaining during the pruning process.

5.3 Skeletonization Approach

We present a pipeline (Fig. 5.2) which takes a set of stereo images of a vine, registers
the images to create a unified point cloud, and generates segmentation masks using
the trained model from Section 4. After the segmentation masks are projected onto
the point cloud, the resulting vine-only cloud is used to build a skeletal model. We
propose a modification to typical graph-and-refine skeletonization strategies that

handles cycles in the structure graph, allowing more accurate skeletal models.
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Stereo Images

VR

Frame

SSgieptaion Registration

p— 1

Segmented
Cloud

Make Skeletal
Model

v

Estimate Pruning
Weight

\4

Segmented
Cloud

Connect

components

MST

cycles

Close MST |

\

For each cluster

Detect loop
points

Get
topology

Get lines along
topology

..................

i Section: Locally i
i Connected Graph |
i and MST Path i

..................

| Section: Skeletal E
i Centerlines from
Topology i

Line
Segments

v

Radius
Estimation

Figure 5.2: System diagram, showing the whole pipeline from stereo images to
skeletonization and finally pruning weight estimation. Skeletal models can then be
used for path planning for pruning operations.

5.3.1 Frame to Frame Point Cloud Registration

In order to get accurate 3D data of the full scene it is important to get good
registration between cameras. After turning stereo pairs into point clouds using
SGBM [18] and placing the cameras initially using robot extrinsics, we fine-tune
camera positions similar to [43] by running Iterative Closest Point (ICP) between
frames first horizontally and then vertically to get a final combined cloud.

We found that one particular type of noise was easily removable at this point.
Since stereo depth error goes up quadratically with distance, we check regions seen
by multiple cameras and discard points that come from significantly more distant

(and therefore less trustworthy) viewpoints.

5.3.2 Make Skeletal Model

Our skeletonization approach draws on other graph-and-refine methods, and is
essentially a two-part process. First a dense starter graph is created and a starting
path is found through each connected cluster, then pathways are traced and turned

into line segments. An overview of these steps with visualizations is shown in Fig. 5.2.
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Locally Connected Graph and MST Path

Given a segmented point cloud, we create a locally connected graph along with an
initial MST path as the starting point for skeleton generation. This approach of
starting from a locally connected lattice is inspired by [11, 30, 51].

Connect components: We consider all points sufficiently close as candidates for
skeletal connectivity. This is accomplished by sweeping a sphere of radius r, across
each point in a downsampled cloud, and building a graph where all points within the
radius of point p; are connected to p; as shown in Fig. 5.3. For this dataset we chose

a radius r,=2.5 cm. Neighbor querying is accomplished efficiently using a k-d tree.

Figure 5.3: From the full point cloud (left) a locally densely connected graph (right)
is constructed by sweeping a sphere of radius ry over downsampled points (middle)
and connecting to all points within its radius.

MST: For each cluster in the locally connected graph, we find an MST using the
Kruskal algorithm [23], where Euclidean distance is the edge cost. This selects a path
out of the locally connected graph which visits every node, shown in Fig. 5.4.

Close MIST cycles: By its construction, the locally connected graph will have
connected edges wherever canes pass closely, which leads to many graph loops when
canes drape over each other. The MST, by its nature as a tree graph, breaks these
loops while minimizing path length. However, we found that broken loops led to poor
skeletons because the broken loop halves would either get pruned (Remove barbs)
or fit as separate branches with a disconnect. In Fig. 5.5 we can see an obvious cane
that is broken by the MST process, then fixed by closing MST cycles.
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Figure 5.4: Minimum spanning tree path (right) through the locally connected graph
(left), which forms a starting point for skeleton consideration.

Figure 5.5: A cane, visible in the colorized point cloud (left) is broken by the Minimum
Spanning Tree path (middle), since loops are not allows in a tree graph. Closing MST
cycles (right) heals that break, allowing a more faithful skeleton.

We close the loops broken by the MST by finding leaves of the MST graph where
a single step in the locally connected graph connects to another leaf, then adding
that edge back. Because of the way the locally connected graph is constructed, we
know the re-added edge will be shorter than r;. In order to prevent nearby barbs
from connecting in tiny loops, a pre-closure graph distance of d; is required between

the two leaves.

Skeletal Centerlines from Topology

Now that we have an initial path, a series of steps are performed to generate skeletal

line segments. Because the starter graph is formed by sweeping a sphere of size r;
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across the cloud, any gap larger than r, will cause separated clusters to form. The
following steps are done independently on each cluster.

Detect loop points: In order to ensure the directed graph maintains loops,
loop points are detected. Any nodes that are the common endpoint of two or more
directed edges are saved as a loop point, as demonstrated in Fig. 5.7(a).

Remove barbs: MSTs of the locally connected graph form long paths with small
offshoots to span every node in the original graph, much like barbed wire. Inspired
by [11], we remove small barbs by removing nodes where the downstream edge length

is below a threshold d;, as shown in Fig. 5.6 (J, = 3cm in this work).

Figure 5.6: A wide/messy point cloud (top) produces an initial MST path (green line
segments) with offshoots. The barbs with low downstream edge length (bottom) are
removed to simplify the graph structure. The smoothed path (arrows) remains.

In order to keep nodes on either side of loop points from being eroded, edges
ending at loop points have their weight temporarily increased over dy.

Get topology: from the smooth graph we identify isolated cane sections by
eliminating all but junction/leaf nodes as illustrated in Fig. 5.7(b). All mid-nodes
with only one parent and one child are discarded, leaving a topological graph where
each edge represents a single cane of variable length.

In order to handle loops, loop points with two incoming edges are treated as
mid-nodes to eliminate, where the shorter side of the loop is reversed so that when

the loop is collapsed the topological edge reaches from one junction to the other.
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Figure 5.7: (a) Smooth graph from Remove barbs, with junctions and a leaf. (b) In
Get topology, mid-nodes are eliminated. The shorter loop half, CE, is reversed to
get a continuous AC path. (c¢) In Get lines along topology, when fitting lines to
the points, the state is the positions of all green triangles. As one endpoint is moved,
it effects the fit of all lines connected to it, fitting the best combination.

Get lines along topology: given topological edges have been identified where
each topological edge represents a non-branching stretch of cane, skeletal line segments
that represent the center of the skeleton are generated. This is done by associating
the original points to a single topological edge, then fitting line segments to minimize
the point-to-line Mean Squared Error (MSE) as illustrated in Fig. 5.8.

The (x,y, z) values of all line endpoints form the state when concatenated, so
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Figure 5.8: Lines are jointly optimized along the topological edges by minimizing
point-to-line MSE between point cloud and skeleton as the line endpoints move. Left
we have the estimated line segments with radii, right shows the underlying colorized
point cloud.

batches of line ends are optimized jointly as shown in Fig. 5.7(c). It is impor-
tant to optimize over batches of lines with shared endpoints to preserve connec-
tivity. Fitting is done using the L-BFGS-B non-linear optimization method [62]
in scipy.optimize.minimize. When the connected cluster is too large, driving
the number of states past a computational threshold, this process is performed on

segments of the cluster.

Radius Estimation

Finally, after finding skeletal center lines, the radii of all canes in a cluster (r; € R)
are estimated jointly using a novel linear regression formulation. Three aspects are
balanced to determine the radii: a prior value, a smoothing term, and point-fitting.
For the prior, we set the radius for a given line 7; equal to the prior radius, rpyier. For
smoothing, for every pair of line segments (I;, ;) that share a junction the radii are
set equal: r; = r;. Finally, each point p, associated with a given line segment [; is
set so that the distance 0, from py to [; is equal to r;. Here is the linear system in

matrix form:

— 12l
|R|?

the average points per radius. The best results were with v, = k,v, = 0.1k, with

7, and 7, are weights for the prior value and smoothing terms, scaled by &

T'prior = O ININ.
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5.4 Skeletonization Results

5.4.1 Skeleton Quality Metrics

It is difficult to define a metric for measuring the correctness of a skeletonization
method, especially with dense and intertwined objects. Hand-labeling ground-truth
skeletal paths in 3D is infeasible, both because the true branching structure is not
always clear to an observer given a sparse set of images, and because labeling accurate
paths in 3D data is extremely time intensive when there are hundreds of individual
canes per scene. We therefore adopt the unsupervised skeletal reconstruction metric
from [3], which uses Intersection over Union (IoU) of the model projected onto a

segmentation mask, defined as:

I 3 projected model pixels N cane pixels

U ¥ projected model pixels U cane pixels

As shown in Fig. 5.9, IoU checks whether the skeletal model covers areas classified
as cane. It is penalized both for modelling skeletal links where no cane was seen,
and also for failing to model links where canes are identified. We assess only against
the cane/background, discarding pixels segmented as other classes. During model

projection the camera position is allowed to adjust within 5mm to find the position
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with greatest intersection, keeping over-generous radius predictions from dominating

due to slight inaccuracies in registration.

Incorrect
Structure

Model
Error

Missing
Structure

Figure 5.9: Skeleton quality is assessed by projecting the skeleton (position, radius)
onto cane segmentation. Green: match between model, segmentation. Orange: cane
segmentation with no projected model. Red: projected model with no segmentation.

The ToU-based reconstruction based metric does have some weaknesses compared
to a true assessment of skeleton quality. If structure is obscured in the images
(perhaps on the backside of a vine), then a skeletal model will not be penalized for
failing to capture that structure. The obstruction weakness is somewhat mitigated
by using multiple images that capture different views through the vine. Additionally,
objects closer to the camera appear larger in the segmentation mask and are therefore
over-represented in the reconstruction score. However, IoU is the simplest and most
effective unsupervised quality metric available, so we use it despite the shortcomings.

In addition to IoU, we also assess the number of connected clusters. In general
more clusters means a more fragmented skeleton, which provides less connectivity

information.

5.4.2 Results and Comparison

Fig. 5.10 shows the results of our skeletonization method against two baselines with

open source code, Laplacian Contraction [4] and AdTree [11]. We produce skeletons
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that recreate the visible vine structure more accurately, while providing higher vine
connectivity than Laplacian Contraction. Although AdTree is more connected than
our approach, in this context AdTree’s assumption that all points connect is too

strong, leading to forced connections to the central cordon that do not truly exist.

loU, Cluster Number (mean, std) by method
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Figure 5.10: Reprojection scores and cluster count across methods.

Since Laplacian Contraction only returns contracted points, to evaluate it as a
skeleton we assume each contracted point is connected to its two nearest neighbors and
has a fixed radius that maximized IoU. In addition, Laplacian Contraction parameters
were swept to find the set that resulted in maximum IoU. Skeletons formed by this
method are relatively fragmented, with no method of joining likely paths, which
makes them less useful for robotic pruning use cases. Qualitative views found in
Fig. 5.11 (a-c).

AdTree represents the opposite extreme, where each vine model is assumed to
consists of a single cluster, as shown in Fig. 5.12. In a complex vineyard setting,
neighboring vines grow into the space, and assuming all canes connect to the central
cordon degrades the IoU. In addition, AdTree uses allometric tree growth assumptions
to calculate radii, and grapevines do not follow the same patterns as trees. Radii are
therefore over-estimated near the cordon and unrealistic hair-like tendrils are formed

at the tip. Qualitative views of AdTree skeletonization can be seen in Fig. 5.11 (d-f).

5.4.3 Timing

All of these methods are currently designed to be run offline, with our method falling

between Laplacian Contraction and AdTree after minimal time optimizations. All
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Figure 5.11: Qualitative plots, of [oU diagrams against the cane segmentation. Green:
match between model, segmentation. Orange: cane segmentation with no projected
model. Red: projected model with no segmentation. In open spaces Laplacian
Contraction (a-c) is drawn correctly onto the cane structure, but junctions pull
neighboring points awry (b), and it leads to fragmentation (c). AdTree (d-f) has two
primary issues, it produces filaments (e) and over-estimates radii (f) due to allometric
assumptions about tree growth that do not transfer well to vines.

methods are very dependent on the total number of points being processed, so in
some sense the timing is somewhat arbitrary based on downsampling and filtering
decisions made within each system. Evaluated over 36 vines, the average per-vine

computation time for each method is:

¢ Our method: 3.7 minutes per vine
* 1.3 minutes (Locally Connected Graph and MST Path)
* 2.4 minutes (Skeletal Centerlines from Topology)

e Laplacian Contraction: 6.9 minutes per vine

e AdTree: 0.8 minutes per vine
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Figure 5.12: Full output of AdTree, showing allometric radius estimation, the growth
of all points out from the central cordon, and the generation of hair-like structures
(zoomed box). Although the model looks good, AdTree had the lowest model
reconstruction scores (IoU) because it added false structure to connect all growth to
the central cordon.

5.5 Use Case: Pruning Weight Estimation

One important measurement of a vine’s health and vigor is pruning weight, the mass
of canes less than a year old cut off during the pruning process. In order to do
balanced pruning for higher quality grapes, a grower will adjust the amount of cane
to remove based on the vigor of a given vine. We use 3D and skeletal data to predict
pruning weight on these dense and occluded vines, comparing against values collected

by human pruners.

5.5.1 Pruning Weight Estimation Method

After skeletonization, we calculate pruning weight using a simple linear regression
approach on five variables available from each vine that were determined to add value
to the fit. Z-score normalization is used so variable magnitudes are balanced. The

variables are:

e Cane voxels: number of filled voxels after voxel downsampling the cane cloud

at voxel size of 2cm.

e Cordon voxels: number of filled voxels after voxel downsampling the cordon
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cloud at a voxel size of 2cm.

e Pole distance: average distance from the robot to the central pole the vine

grows on.
e Skeleton length: sum of line segments in the skeleton.
e Cane pixels: total number of pixels segmented as cane.

Other variables investigated included vine brightness and number of pixels on
a 2D skeletonization of the cane mask, but those were found to be unhelpful using
Lasso regression, a supervised regularization method used to select useful subsets of
variables. We chose a linear model because of the low number of data points. With
more data a 2D or 3D learning model with higher capacity than linear regression
could produce better results, but for small datasets a low capacity model is simple to

implement and prevents overfitting.

5.5.2 Pruning Weight Estimation Results

Table 5.1 contains the results of our best linear model for predicting pruning weight,
compared against two prior works. We assess model quality using the coefficient of
determination R?, as well as the root mean squared error (RMSE) of our predicted
weight vs. ground-truth. To assess stability, we do a 100-fold assessment with a

(70/30) train/test split, and report standard deviation over folds.

R? RMSE (kg)
Method Avg. | Std. Dev. | Avg. | Std. Dev.
Ours 0.51 | 0.10 0.33 | 0.03
Cane pixel count | 0.33 | 0.10 0.39 | 0.04
Cane surface area | 0.38 | 0.10 0.38 | 0.04

Table 5.1: We show results from our method, the correlation of cane pixel count to
PW as in [33], and the correlation of cane surface area to PW as in [22].

As shown in Table 5.1, our pruning weight predictions are more accurate than
prior works when run on dense vines. One grower we spoke to said RMSE of less than
(0.51bs/0.23kg) would be when they would consider a system that predicts pruning
weight operationally viable. Our system approaches that functional level but still

needs improvement.
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Prediction residuals for final linear model
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Figure 5.13: Pruning weight residual plot showing distribution of prediction vs.
ground-truth. The linear model weights are {Cane voxels: 0.674, Cordon voxels:
-0.061, Pole distance: -0.086, Skeleton length: -0.354, Cane pixels: 0.140}. We can
see that there isn’t any significant pattern to the residuals, which would be a red flag.

We explore the effects of dropping any one variable from the model in Fig. 5.14.
Our initial assumption was that skeletal length would be a strong predictor of pruning
weight, however in practice it appears to be beneficial but play a smaller predictive

role than cane voxels, cordon voxels, and pole distance.
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Figure 5.14: Effects on test data of dropping each variable from the linear model.

One factor that may degrade the predictive capacity of skeleton length in pruning
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5. Grapevine Skeletonization

weight estimation is neighboring vines. With this type of vine architecture and
robustness of growth, it is common for canes to grow into the spaces of neighboring
vines. These neighbor canes are captured in images, but when measuring pruning
weight are disentangled and assigned to the vine they originated from. Thus part of
the skeletal structure detected for a given vine should theoretically be assigned to
its neighbors. Pruning weight prediction could be improved if a reliable method of

attributing visible canes to the correct source were developed.
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Chapter 6

Conclusions

In this work we propose two agricultural analysis pipelines. The first pipeline
counts sorghum seeds in a 3D reconstruction process, using seeds as landmarks
in reconstruction and a density maxima-finding method for counting. The second
pipeline creates 3D skeletal models of dormant grapevines using a graph-and-refine
skeletonization strategy on semantically segmented point clouds. We make the

following contributions towards agricultural modeling and analysis:

¢ An end-to-end pipeline for non-destructive sorghum seed counting, along with

a related public dataset.

e A new unsupervised quality metric for reconstructed point clouds, developed in

order to improve 3D reconstruction quality and refine seed count.

e An end-to-end pipeline for skeletonization of dense and complex dormant

grapevines, along with a related public dataset.

¢ A modification to graph-and-refine skeletonization strategies that handles cycles

in the structure graph, allowing more accurate skeletal models.
e State of the art automated pruning weight prediction results.

In the end we were able to able to create higher quality sorghum models than the
baseline methods using high-confidence seed points as landmarks, and are able to
calculate seed counts highly correlated to the ground-truth count (R? of 0.875). For
grapevine skeletonization we achieve higher quality reconstructions than the baselines,

measured using an unsupervised IoU metric. In addition, we achieve an R? value of
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6. Conclusions

0.51 for pruning weight prediction, compared to 0.33/0.38 for previous methods.
Throughout this entire work, the overarching theme is a lack of labelled training
data. Machine learning models had to be trained with minimal data, and unsuper-
vised quality metrics were employed both in the sorghum and grapevine pipelines.
Agricultural data is generally scarce because outdoor scenes are complicated and
organic, the plants of interest are not human-made and therefore lack source design
models, and large commercial interests have not built up datasets as has happened in
self-driving. Given these challenges, it is evident this field must continue to adapt
and innovate to overcome the scarcity, and we hope that this work contributes to

that goal.
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Chapter 7

Future Work

For the sorghum pipeline, the most obvious deficiency is the large amount of super-
fluous data required by the pipeline - the use of many views (typically ~ 80) is an
intensive process. It would be worthwhile to create methods to find the minimal image
set that could reliably create a high-quality model, reducing runtime and resource
requirements. Dense panicle models could also be put to other uses. In addition to
extracting counts, other phenotyping or health characteristics could be evaluated,
perhaps based on crop volume, color, or texture.

One fact that has become clear during the development of the skeletonization
pipeline is that while it is useful to represent the location of canes as we do with
skeletal links, in reality all canes must grow from some source, and knowledge of plant
growth patterns gives insight into which source a given cane comes from. In future
work, developing a new type of plant skeletal model based on growth sources and
likely growth pathways, along with methods to accurately construct those models,
would be beneficial not just for pruning but for a variety of robotics challenges that
deal with the dynamics and manipulability of plants, such as harvesting, grafting,
and pollinating.

One complication with tracing vine pathways based on growth in a crowded
vineyard arises from the fact that neighboring vines greatly increase the possible
growth-source locations. Instead of assuming that canes must come from a central
source such as the visible cordon, any cane touching the edge of the imaged scene

may have grown horizontally from a neighbor. A growth-tracing approach that could
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7. Future Work

evaluate both the central cordon and neighboring vines as possible sources would add
great deal of value to a robot’s understanding of each vine.

Finally, for pruning weight prediction, it would be promising for future work to use
higher capacity 2D or 3D learning methods, which would necessitate larger amounts
of training data. As robotic pruning gets more mature, it is not preposterous to
assume that robots could eventually predict pruning weight, prune the vine, collect
the ground-truth pruning weight, and finally close the loop to improve the predictive

performance in a beneficial data collection cycle.
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