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Abstract

This paper describes a robot system for automatically prunng grape vines. A mobile plat-
form straddles the row of vines, and images them with trinocdar stereo cameras as it moves.
A computer vision system builds a 3D model of the vines, an Al gstem decides which canes
to prune, and a six degree-of-freedom robot arm makes the redgred cuts. The system is
demonstrated cutting vines in the vineyard.

This papers main contributions are the computer vision sysem that builds 3D vine models,
and the test of the complete integrated system. The vine mode capture the structure of the
plants so that the Al can decide where to prune, and are accur@ enough that the robot arm
can reach the required cuts. Vine models are reconstructedybmatching features between
images, triangulating feature matches to give a 3D model, tken optimising the model and
the robot's trajectory jointly (incremental bundle adjust ment). Trajectories are estimated
online at 0.25m/s, and have errors below 1% when modelling a@n row of 59 vines.

Pruning each vine requires the robot arm to cut an average of & canes. A collision-
free trajectory for the arm is planned in 1.5s/vine with a Rapidly-exploring Random Tree
motion planner. Total time to prune one vine is two minutes in eld trials, which is similar
to human pruners, and could be greatly reduced with a faster em. Trials also show that the
long chain of interdependent components limits reliability. A commercially-feasible pruning
robot should stop and prune each vine in turn.
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Figure 1: The mobile platform completely covers the vines, lbbcking out sunlight (left). Inside the platform
are high-powered LEDs, three cameras, and the robot arm (riggt). Also mounted inside the platform are a
generator and the desktop PC that runs all of the software.

1 Introduction

Grapes are an internationally important crop, and vineyards cover 75000kr worldwide (FAO, 2013). Grape
vines are pruned annually to increase yield and prevent disese (Kilby, 1999). Many vine species are pruned
by hand, and this is often the most labour-intensive and expasive task in the vineyard (Dryden, 2014).
This paper describes a prototype system for automating the emmon hand-pruning technique known ascane
pruning.

Vines are pruned in winter, when dormant and free of leaves. &ch vine (individual plant) is pruned by
cutting o some of its canes (branches), while leaving othes. To prune a vine using the cane pruning
technique, most of the year's new canes and all older canesercut o, leaving a selection of long healthy
canes for the following year (Christensen, 2000). Typicall between four and twelve cuts are made per plant,
and two to six canes are kept. Automating cane pruning is chdénging because a complete and connected
model of the structure of the vine is required in order to makecut decisions. Stereo algorithms struggle
to model the tangled network of overlapping canes, while otlr 3D imaging sensors often lack the required
resolution, or cannot operate while moving. A major contribution of this paper is the computer vision system
for reconstructing su ciently complete and connected modes of vines from 2D images.

The vine pruning robot is mounted on a mobile platform which graddles the row of vines (Figure 1). The
vines are imaged by three colour cameras in a trinocular st&o rig, and are cut with a spinning mill-end cutter
attached to a six degree-of-freedom arm. The computer visio system follows a standard feature-matching
and bundle adjustment pipeline (Hartley and Zisserman, 208; Triggs et al., 1999), with each stage of the
pipeline customised for vines. The rst stage of the recongtuction pipeline is to extract the 2D positions
of canes from each image. The second stage is to nd a correspdence between the individual 2D canes
viewed in di erent images, and to reconstruct them in 3D. The nal stage is to optimise the 3D model, and
the robot's trajectory, in an incremental bundle adjustment framework. As the robot moves, more canes
come into view and the 3D model is extended.

Once a complete 3D model of a vine is available, an Al algoritm decides which canes to prune. The 3D
model and cutpoints are computed online while the robot is meing. The platform then stops while the

robot arm makes the cuts. A collision-free trajectory for the arm is computed using a Rapidly-exploring
Random Tree path planner (Ku ner and LaValle, 2000). The arm then reaches to each cutpoint to make



the required cuts.

Our prototype system is pulled along the row of vines with a winch, but a commercial system would be
either self-powered or towed by a tractor. As with hand-pruned vines, cut canes stay attached to the trellis,
and are removed later by a mechanical “stripper' machine (Dyden, 2014).

The ultimate aim of our research is to develop a commerciallyviable pruning robot that operates while
moving continuously along the row of vines. This paper desdbes a prototype system that demonstrates
many of the key components that are necessary. The two pringle novel contributions of this paper are
rst, to describe and evaluate the computer vision system fo incrementally reconstructing vines from 2D
images; and second, to demonstrate a complete integrated siem that uses the computer vision system
to reconstruct vines. This prototype system is a rst step towards developing a commercially-viable vine
pruning robot.

This paper is organised as follows: Section 2 describes réda agricultural robot systems, and methods for
imaging the structure of plants. Section 3 describes the eiite system. Individual components of the system
have been described in several short papers over the last foyears, and this section summarises these earlier
papers. This paper is the rst time a description and evaluation of the entire computer vision system has
been presented, and it provides the rst description of the etire robot system. Section 4 describes how
the system was parametrised to perform well for vines. Seatih 5 evaluates the computer vision software on
large datasets showing hundreds of vines, and describes thest tests of the pruning robot in the vineyard.
Finally, Sections 6 and 7 discuss our ndings, and make recomendations for how the knowledge gained in
this research can be applied to future pruning robots.

2 Background

This section rst describes related systems using robot arre in agriculture, then summarises the state-of-
the-art for capturing 3D models of plants.

2.1 Robot arms in agriculture

Robot arms are widely used in controlled factory environmeis to automate tasks once done manually
(Brogrdh, 2007). Agriculture also has many labour-inten sive tasks, e.g. harvesting, pruning and planting
(Zzhang and Pierce, 2013), however automation of these taskbas so far had limited success. Challenges
for building automated systems include natural variability of crops and challenging lighting conditions (Bac
et al., 2014; Li et al., 2011; Kapach et al., 2012).

One target for automation is fruit and vegetable harvesting Bac et al. (2014) review fty recent fruit picking
robot systems. These systems use cameras to identify fruithen reach and pick with robot arms. Historically,
a limitation of fruit picking robots was their low accuracy at spotting fruit amongst foliage (De-An et al.,
2011; Li et al., 2011), however modern computer vision techiques, which combine di erent sensors and/or
di erent visual cues, and which are robust to lighting variation, are overcoming this limitation (Bac et al.,
2014; Kapach et al., 2012; Edan et al., 2000). Removing fruitvithout damage remains a major challenge,
and picking speeds are low compared with humans.

A robot system has also been developed for automating an alteative pruning method known as spur
pruning (Vision Robotics Corporation, 2015). This commercial prottype system uses stereo cameras to
identify canes, which robot arms then cut. Spur pruning requres di erent canes to be cut at dierent
heights, however knowledge of the structure of the plant is ot necessarily required.

For these applications, the targets (fruit or cutpoints) are generally easy to reach, so simple point-to-point



paths are su cient, and collision avoidance is unnecessary Cameras are often mounted on the arm's end
e ector, to provide the feedback that ensures the arm reachse the correct point. An exception is the melon
harvesting robot developed by Edan et al. (2000). Melons argicked while the platform is moving, so the
robot arm's trajectory must be planned and updated dynamicdly.

Many of these systems control lighting to reduce natural varation. The Vision Robotics vine pruner uses
a canopy to shut out sunlight; Edan et al.'s melon harvester grforms best at night, when arti cial light is
used; and the grape counting system by Nuske et al. (2014) anthe apple counting system by Wang et al.
(2013) operate only at night, with active illumination.

These previous systems all identify speci c targets (cutpants, fruit, etc.), without requiring a complete 3D
model of the scene. By contrast, our pruning robot needs to mdel the structure of the entire plant in order
to decide where to cut, and to plan collision-free paths for he robot arm. Each of these previous systems
customise and parametrise computer vision algorithms for lteir particular application, and control lighting
where possible. As with these approaches, our 3D reconstrtion system is customised for the application,
and our platform enables lighting to be controlled.

2.2 Computer vision for plant modelling

3D models of the structure of plants are used for phenomics smarch, plant breeding, crop monitoring
and computer graphics, and systems with many di erent sensp and algorithm combinations are used for
these applications. Sensors include structured light or tine-of- ight depth cameras, and regular 2D colour
or greyscale cameras. Systems using 2D cameras apply a rangiephotometric reconstruction algorithms,
including feature-based methods, shape-from-silhouettenethods (using voxels), and dense stereo algorithms.

Feature-based methods work by extracting a set of feature loations from each image, matching features
showing the same object between images (establishingaarrespondencebetween features), then triangulating

to reconstruct objects in 3D. Point features with appearan@ described by SIFT (Scale Invariant Feature
Transform; Lowe, 2004), or similar descriptors, are frequetly used. Features are matched across multiple
views, and the 3D model and camera positions are optimised jotly to give an accurate 3D model. This

sparse non-linear optimisation is known asbundle adjustment(Triggs et al., 1999).

Point features work well for many reconstruction applications, but perform poorly in scenes where appropriate
features are not present, or where many features appear sitar and hence matches are ambiguous (Hofer
et al., 2014). Plant images contain many occlusion boundags around thin structures (branches), where
detected corners or regions in images don't correspond to 3[points in the world. Plants also have many

similar-looking parts, so matching features by appearanceés challenging.

A complementary 3D reconstruction method is dense stereo. Ense stereo algorithms use a pair of images
from cameras with known relative pose to nd a disparity map mapping each pixel in one image to its
matching pixel in the other. The depth of the scene at each piel is computed from its disparity, giving

a dense 3D model of the object's surface. Disparity maps areofind by minimising an objective function
that measures both the similarity in appearance between mathing pixels, and how well the disparity map
matches assumptions about the structure of the world. The reonstruction is often assumed piecewise planar
or piecewise continuous, and depth discontinuities and odaded pixels are penalised (Boykov et al., 2001;
Woodford et al., 2009; Gimel'farb, 2002). These assumptiost do not hold for images of branching plants,
which have many occlusions and depth discontinuities. Deres stereo algorithms are frequently used to
generate 3D surface models following feature-based recdnsction of camera poses and a sparse set of points
(Tingdahl and Van Gool, 2011).

Dey et al. (2012) and Ni and Burks (2013) use state-of-the-drdense stereo methods to reconstruct vines and
citrus trees respectively, for measuring the canopy area ahfor counting fruit. The dense reconstructions
are initialised with sparse reconstructions from feature natching. The detailed structure of the plants are



not required for these applications, and in both cases, manypranches are missing from the reconstructions.
Dey et al. require several minutes per reconstruction.

An alternative feature-free method for 3D reconstruction is shape-from-silhouette (Laurentini, 1994; Szeliski,
2010; Franco and Boyer, 2009). These methods rst Il 3D spae with a dense 3D array of cubic “voxels'
(or a similar volumetric representation of space, e.g. a valme enclosed by a mesh; Franco and Boyer,
2009), then remove all voxels (or regions of the mesh) that a& inconsistent with any images, either because
they project to background pixels, or are not “photoconsisént' (consistent in appearance) between views.
Shape-from-silhouette works well for imaging ne branchirg structures which can be segmented easily from
the background, e.g. plants imaged against a coloured backgund. Kumar et al. (2012) and Paproki
et al. (2011) use shape-from-silhouette to model wheat andatton plants respectively, and observe that very
accurately-calibrated cameras (or very accurate relativecamera poses for a moving camera) are required so
that ne structures are not lost. Zheng et al. (2011) model plant roots growing in a gel, and nd that an
accurate foreground/background segmentation is essentiao give a complete reconstruction. Tabb (2013)
use shape-from-silhouette to model plants, and propose a fdabelling of voxels in order to provide increased
robustness to calibration errors. All of these approacheseaquire a large number of voxels in order to model
ne structure (cubic in the model resolution), which makes ecient implementation challenging.

3D data can be captured directly using depth cameras. Histdcally, high resolution depth cameras required
stationary scenes, because both coded light and time-of-ght systems work by capturing multiple views in
rapid succession (Geng, 2011). Cameras that can image mogrscenes (e.g. Microsoft's Kinect) often have
insu cient depth map resolution for detailed structures li ke vines and wires. Recent advances in technology
are increasing the resolution available, and these cameraare now a viable alternative to regular cameras,
however tting a 3D vine structure to a 3D point cloud presents similar challenges to tting a vine model to
images, including occlusions, point cloud segmentation,rad structural ambiguities. Another advantage of 2D
cameras is the wider range of algorithms available when degiing complex application-speci ¢ reconstruction
tasks (Davis et al., 2013).

Nock et al. (2013) used a Kinect-like structured light camer for measuring simple branching plants. They
t a mesh to the point cloud, however the mesh interpolation leads to gaps in branches and incorrect
joins between branches. Ctlere et al. (2012) use a Kinect toimage crops, but again there are gaps in
the reconstruction around ne structures. They recommend imaging at night to prevent interference from
sunlight, and recommend using knowledge of the plant struaire to guide a more accurate reconstruction.
Several authors have used 3D cameras to image trees with aut@ted pruning as the planned application:
Nir and Linker (2014) image apple tree branches in a laboratoy setting with a laser line structured light
scanner mounted to a robot arm. The relatively high resoluton of scanning structured light enables over
90% of branches to be identi ed, although 39% of detected braches are “fragmented' into di erent parts.
Elky et al. (2015) image apple tree branches with a Kinect 2 amera. They fuse multiple images into a
single point cloud, identify the trunk, then identify the po ints at which branches leave the trunk in the point
cloud.

Skeletonisation is the process of recovering a model from iages of objects with a network structure, such
as branching plants. Liu et al. (2012) and Karkee et al. (201% each propose o ine systems for modelling
trellised apple trees for deciding where to prune. The treesre structurally simple, with one trunk and few

overlapping branches. Liu et al. use a combination of a higheasolution camera, active illumination (so only
nearby branches are imaged) and a Kinect, with a skeleton fnm the high resolution image used to Il gaps
in the 3D Kinect image. Karkee et al. fuse multiple images fron a time-of- ight camera, skeletonise the
resulting volumetric model, then select branches which shald be pruned based on their length and spacing.
77% of branches are detected.

In summary, reconstructing the structure of branching plants is challenging because of their thin and self-
occluding structures. Fine structures can be reconstructé using high-resolution voxel-based shape-from-
silhouette, however this is ine cient for large plants, and requires very accurate relative camera poses, which
are challenging to estimate for moving cameras.



A good solution for reconstructing scenes where point-baskfeatures perform poorly is to use straight

lines as features instead. Hofer et al. (2014) reconstruct g@ver pylons and buildings using a line-based
bundle adjustment framework. Micusik and Wildenauer (2019 reconstruct indoor scenes using line segments.
Geometrical constraints on line feature matches (from the pipolar geometry) are weaker than for point

features, because lines in images often end at occlusion bmilaries. This makes unambiguous matching
challenging. Despite this, line features allow more comple reconstructions in environments where they

better represent the structure of the objects being modelld.

Historically, a challenge of incrementally reconstructing scenes online has been the growing cost of bundle
adjustment as more observations are made. Recently, this @llenge has largely been overcome by optimisers
including g2o (a general (hyper)graph optimiser; Kummerleet al., 2011) and iSAM2 (incremental Smooth-
ing And Mapping; Kaess et al.,, 2012). These optimisers were ebigned for the closely-related problem of
Simultaneous Localisation and Mapping, where a mobile robbuses its sensors to jointly estimate its pose
and a map of its environment. As the robot moves, newly-obsered features are added to the optimisation.
Once feature positions are accurately estimated, they areemoved from the optimisation, hence maintaining
constant time complexity. Incremental bundle adjustment systems is ideal for our pruning robot, where
plant models are built up online from many views. Linear feaures are more suitable than point features
for representing thin structures like canes. Our computer vsion system combines these ideas in order to
reconstruct entire rows of vines online.

3 System design

This section describes each component of the pruning robotiturn: rstly the imaging platform, which
creates optimal lighting conditions for imaging the vines;secondly the computer vision system, which builds
a parametric 3D model of the vines; thirdly the Al system, which uses the vine model to decide which canes
to cut; and nally the path planner, which computes a collision free trajectory taking the robot arm to the
correct cutpoints.

3.1 Robot platform

The robot platform provides a controlled environment for imaging the vines. The platform straddles a row
of vines, and brushes at each end block out sunlight (Figure )1 The cameras are mounted on one side, and
the other side is coloured blue to aid the segmentation of vias from the background (Botterill et al. (2015)
describe the canopy design and camera setup in detail). A Urersal Robots UR5 six-jointed robot arm is
mounted 1.6m behind the cameras, so that it can prune the ving after the entire two-metre wide plant has
been modelled.

Three 1.3 megapixel Point Grey Grasshopper2 colour cameraare arranged in a triangular con guration
(Figure 1). 3D reconstruction of linear features (such as wvies) is ill-conditioned when they are aligned with
the stereo baseline, but with three cameras we can select theair for which each reconstruction is well-
conditioned. The cameras are calibrated using standard méiods (as provided in the OpenCV Computer
Vision Library, n.d.), and the robot-to-camera transform is computed by attaching a calibration target to
the robot arm.

To illuminate the vines, we use 14 sets of high-power LEDs (edn set contains four 900 lumen LEDS).
Providing even illumination across the scene is challengim due to the high depth of eld of the vines
(light intensity decreases quadratically with increasingdistance from light sources), large eld-of-view of the
cameras (light sources' luminance varies with angle) and bmause of shadows. We built a computer model
of the lights within the frame, and calculated lighting levels throughout the region where vines are imaged.
We then optimised the positions of light sources to minimiselighting variation. lllumination levels vary by
48% for the optimal con guration of 14 light sources, where@ simpler con gurations (a regular grid) give



Figure 2: The cutting tool consists of a router mill-end attached to a high-speed motor (left). A vine with
a cut cane is shown on the right (best viewed on-screen). Cutare often close to other canes or the head.
Canes to cut are typically 6-15mm in diameter.

70% variation, and a single point source gives 96% variatiorgBotterill et al., 2012b).

To cut canes, we use a 6mm CNC router mill-end attached to a 10¥ 24000 revolution-per-minute Maxon
brushless DC motor (Figure 2). To cut a cane the robot arm sweps the cutter through the cane (a cut
motion). As the cut motion requires considerable collision-free gace, and the cutter sometimes fails to make
separation cuts, we will replace this with a secateur-basedutter in future (Section 6).

3.2 Computer vision system

The computer vision system takes the images from the trinoclar stereo cameras and constructs a high-level
3D model of the vine and trellis's structure. We refer to eachindividual branch as a cane and the entire
plant (composed of many connected canes) as théne. Canes are connected in an acyclic tree structure, with
each cane growing forking) from a larger parent cane, or the vine's trunk, and terminating in a tip, a point
not connected to any other cane. We describe a vine model ammplete and connectedf all of the canes in
the vine are modelled, and are connected together within thenodel. A complete and connected model of a
vine is necessary for reasoning about where cuts should be m@and which canes should be removed in order
to prune the vine. Canes (and other components) in 2D and 3D a& modelled bypolylines; a polyline is the
connected sequence of straight line segments de ned by a sasence of control points. Attributes including
cane thickness and the connections between canes are alstirated. These parametric models are essential
for making decisions about which canes to prune, and are usdffor e cient computation of collision-free
paths for the robot arm.

The computer vision system is based on a standard feature mahing and incremental bundle adjustment
pipeline, but each stage of the pipeline is customised to wérwell for vines. Figure 3 gives an overview of the
system, and the following sections describe each module imtn. Our approach contrasts with systems using
an o -the-shelf general purpose 3D reconstruction (Dey et &, 2012; Nock et al., 2013), where 3D surfaces
or point clouds are computed and plant structures are tted to this 3D data.

The computer vision system uses Support Vector Machines (SMs), which are a standard machine learning
method for classi cation, decision making, and estimatingprobabilities. SVMs use labelled training data to
learn a model, then the model is used to classify new example&ull details are given in Appendix A.1.



For each stereo triple of frames:

1. For each image:

- Segment foreground/background.
- Detect 2D posts, trunks, wires, vines (2D polylines with atributes).

Initialise new camera pose (from correlation between imges).
Assign 2D structure to existing 3D model.

Optimise 3D structure and camera poses.

Estimate 3D head model (shape-from-silhouette).

Resolve connections between canes.

N oo g M w N

Find a correspondence between unassigned 2D posts, truskwires, vines
' new 3D structure (3D polylines with attributes).

8. Optimise 3D structure and camera poses.

Output: Connected parametric 3D model of vines.

Figure 3: Overview of 3D vine reconstruction pipeline.

3.2.1 Foreground/background segmentation

The rst stage of the processing pipeline is to segment the vies and wires from the blue background. Even
though lighting is controlled, segmentation is challengirg due to lighting variation, shadows, and demosaicing
artefacts! around thin structures like wires. We use a Radial Basis Funtion SVM (RBF-SVM) to label each
pixel as foreground (vines, posts, etc.), background, or we, based on its colour and the colour of its
neighbourhood. The SVM was trained on features from hand-lbelled images. The features are 5 5 patches
from the Bayer image, with opposite pixels averaged for rotéon invariance. For e ciency, we classify most
pixels (95.5%) with simple linear SVMs, and only use the comptationally more expensive RBF-SVM for
the remainder.

3.2.2 2D structure detection

The next step is to nd the structure of the trellis and vines in each foreground/background segmented
image. The posts and wires in the trellis have simple structves so can be detected with standard computer
vision methods. Wires are detected by tting straight line m odels to neighbouring wire pixels, then merging
collinear parts. Posts are detected by applying large lters to detect vertical edges, then applying a Hough
transform (Duda and Hart, 1972).

Next, we nd the structure of the vines in each image, i.e. theposition of each cane and the connections
between canes. Each image shows a tangled network of overlgipg canes, so to recover the individual canes
and the connections between them we use knowledge about theénes' structure. We know that each cane is
a smooth curve of approximately uniform thickness, and thatthe canes are connected in a tree. We use a
Stochastic Image Grammar (Zhu and Mumford, 2007) to represent this knowledge. Botteill et al. (2013b)
describes our Stochastic Image Grammar-based vine nder imdetail.

Figure 4 shows a parse tree describing how vines generate amage. To nd the vine's structure, we
rst extract cane edge segments from each image, by taking ta outline of the foreground segment and

1Digital cameras capture colour images with a colour lter array (a Bay  er lter) so that each pixel detects either red, green,
or blue. To give a full colour image, a demosaicing algorithm interpo  lates values for the other colour channels (Li et al., 2008).
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Figure 4: Our vine model explains how a vine creates an imageand enables the image to be parsed to
recover the underlying vine structure.

approximating it as a set of straight line segments using theRamer-Douglas-Peucker algorithm (Ramer,
1972; OpenCV Computer Vision Library, n.d.). These straigh line segments are our terminal nodes. We
bottom-up parse the cane edge segments by repeatedly joingnnodes to form cane edges, then canes, then
a connected cane network with labelled endpoints. Join desions are made by SVMs, with feature vectors
including lengths, thicknesses, curvature, and distanceand angles between pairs of parts.

The “head' of a vine is the irregular-shaped lump of old wood tathe top of the trunk. We detect the head
region after the canes have been detected: we nd the foregumd region not explained by any other structure
and apply morphological opening (Szeliski, 2010) to removaoise.

The vines and trellis detected in an image are illustrated inFigure 5b. Segmentation presents a major chal-
lenge for many agricultural applications because of variabn in lighting and variation in colour (Section 2).
For our application, we have simpli ed the segmentation task by controlling the lighting as much as possible,
and by using colour only for foreground/background segmerdtion.

3.2.3 Correspondence

The next stage is to nd a correspondence (a set of matches) lween canes detected in di erent images.
This is challenging because many cane detections are incomape or incorrectly-connected, and many are not
detected (because they are occluded). We aim to select a ce@spondence which maximises the completeness
of the reconstruction while minimising the amount of incorrect structure.

Given two matched 2D canes, we reconstruct a 3D cane using Leaberg-Marquardt optimisation. 3D canes
are modelled as polylines, and to t a 3D cane model to 2D canesve optimise the 3D polyline's control
points to minimise the reprojection error (the distance betwveen the detected 2D canes and the 3D control
points projected into the images). Pairs of incompletely-cktected canes can often be reconstructed, giving
a plausible 3D cane, even though they are not correctly matced. To nd all candidate matches between



(a) One set of stereo frames. A red laser-line structured light pattern is visi  ble, but this is currently unused.

(b) 2D structure is extracted from each frame, including canes (yellow), the head region (red) and wires (orange).

(c) We nd a correspondence between canes detected in each view: all candidate corr espon-
dences are shown, and the minimum expected loss correspondence is marked green.

(d) Complete 3D model built up over many frames. Canes to be cut are hig hlighted in orange.

Figure 5: 3D vine reconstruction pipeline.



Input: 2D canes detected in each image

1. For each pair of canes:

- Attempt to reconstruct.
- If successful add to set of candidate matches.

2. For each candidate match:

- Compute P (match is correct j other matches known) by SVM.
3. Use Gibbs sampling to sample a set of correspondences (& sé sets of matches)

4. For each candidate match:

- P(match is correct) = relative frequency of match in sample of correspondences

5. Select matches wherd® (match is correct) > 1=(1+ ).

Output:  Minimum expected loss correspondence

Figure 6: Algorithm for selecting the minimum expected losscorrespondence.

canes we attempt to reconstruct every pair of detected canesEach detected cane has candidate matches to
1.9 others on average. These matches are interdependent, daise each cane can be matched to at most one
other cane.

We compute the probability of each match being correct condiional on every other match being known: two
canes cannot match if either cane is matched to any other can@therwise the match probability is computed
from attributes of the reconstructed cane (lengths, thicknesses, epipolar errors, and curvature) using an SVM.
The marginal probability of each match being correct is thengiven by Gibbs sampling (Geman and Geman,
1984).

We formulate the problem of selecting a good correspondencas a problem in decision theory: given the

probability of each match being correct, what set of matchesshould we select to give the best 3D recon-
struction? In other words, given a loss function measuring e cost of choosing a particular correspondence,
what correspondenceC minimises the expectation of this loss? Our proposed loss fiction L measures the

rate of errors in the 3D reconstruction, and is de ned to be:

L(C) = (# incorrect matches in C) + (# correct matches not in C): (2)

is a penalty for not selecting a correct match, relative to the cost of selecting an incorrect match. Equiva-
lently, controls the trade-o between precision and recall. The minmum expected loss correspondence is
precisely the set of matches with marginal probabilities geater than 1=(1+ ).

This procedure for selecting the minimum expected loss coespondence is summarised in Figure 6, a selected
correspondence is shown in Figure 5c, and the method is analgd in detail by Botterill et al. (2014a).

3.2.4 Incremental 3D reconstruction

The 3D model is built up incrementally from many images as therobot moves along the row of vines.
When new frames are captured, the 2D structure is extracted rom each frame. The newly-detected 2D
structure (canes, wires, posts) is then either assigned toxésting 3D structure, or is used to reconstruct new
3D structure, extending the 3D vine model (Botterill et al., 2012a). The robot's motion is approximately
parallel to the row of vines, so vines move right-to-left through the images as the robot moves. The image
motion maximising the correlation between consecutive franes is used to initialise the new camera pose.



To assign detected 2D canes to existing 3D canes, each 3D cargeprojected to 2D and compared to the
detected 2D canes. As with correspondence, we resolve ambities by selecting the minimum expected loss
assignment of 2D to 3D canes.

Once 2D canes are assigned to 3D structure, we use the g2o buaddjustment framework (Kummerle et al.,
2011) to optimise the camera poses and cane control points tmatch the assigned measurements. Unassigned
2D canes are corresponded to initialise new structure. Bun@ adjustment minimises reprojection error, which
is the image distance between detected features and the pregted 3D feature. For reprojection errors between
a 3D polyline projected to 2D and a detected 2D cane we use thelasest distance between each projected
control point and the detected 2D cane.

To prevent the size of the optimisation growing over time, weremove structure and constraints from the
optimisation once they are reconstructed accurately. Came poses are removed after a xed number of
timesteps (currently three). 3D structure is removed when t is out of view, and the cameras from which it
was observed are no longer being optimised.

The only part of the scene not optimised in the bundle adjustnent is the head region, because this has a
complex, self-occluding shape which is not easy to model in feature-based framework. We model the head
as a set of spheres, a exible representation which is ideabf computing collisions with the robot arm and
for inferring connections with canes. We use shape-from{biouette to t a head model to the silhouettes
of the head viewed in multiple images. We initialise a 3D gridof spheres (equivalent to voxels in similar
shape-from-silhouette systems, e.g. Szeliski (1993)) tbughout the head region, project each sphere into
each image, then remove (or shrink) any which fall outside tle silhouette of the head region. The resulting
\visual hull" is guaranteed to enclose the actual head, so igdeal for collision avoidance (Laurentini, 1994).
Figure 5 shows 2D head regions, and the head models inserteatd the 3D model of the vines, and Botterill
et al. (2014b) describe the e cient implementation in detail.

Finally, we join 3D canes into a connected structure. Joinirg canes is relatively simple: canes are joined
when they are close (within a threshold) to intersecting in D.

We customised the optimisation to work well for vines as folbws:

Canes' endpoints are hard to localise accurately, canes wawaround as the platform moves along the
row, and incorrect assignments are occasionally made. A ls&squares cost function is inappropriate
for these large residuals, and gives an inaccurate reconsiction. Instead, we minimise the Pseudo-
Huber robust cost function (Appendix A.2). This cost functi on is approximately quadratic when
residual errors are low, and linear when they are high, so thiaoutliers are not as heavily penalised
as with a least-squares cost.

Estimating cane thicknesses in the optimiser does not impnee the overall accuracy, but increases
the size of the problem to solve, so it is more e cient to compue thicknesses separately.

Polylines become kinked, and control points can become buhed, because of errors and noise in
detected 2D canes. We add constraints in the optimisation tgpenalise large angles and short sections,
and to pin wires to posts, canes to their parent cane, and truks to the ground.

Rows of vines are almost perfectly straight, so we add consaints to the optimisation to keep the
camera's trajectory approximately straight (within about 30cm of a straight line). This prevents the
reconstruction from drifting, and enables us to use the phyial dimensions of the frame to de ne
a cuboid in which all 3D structure must lie. We can then reject correspondences and assignments
which push structure outside this cuboid.

Sometimes canes are incorrectly reconstructed. These pmjt to the background in subsequent
frames, so we can detect them and remove them from the optim&ion. Moving canes are not



explicity modelled and may be reconstructed multiple times, but this check removes the excess
reconstructions.

A 3D model of four vines, constructed incrementally over mutiple frames, is shown in Figure 5d.

3.3 Al

When people prune vines, they rst select several canes to lep, then make cuts to remove the rest. Canes
which are long, not too thick or thin, and which will keep the head compact in subsequent years are selected.
Corbett-Davies et al. (2012) describes the Al for deciding ere to prune. We call the set of canes to keep a
pruning scheme We describe each pruning scheme by a feature vector of appgpaate attributes of the canes
which will be kept (length, position, angle from head, distance below wires, and whether they grow from the
head, the trunk, or another cane). We parametrised a cost funtion measuring pruning quality using vines
labelled by viticulture experts. The cost function is a simple linear combination of features. For each vine,
every possible pruning scheme is considered in turn, and theighest scoring pruning scheme is selected.

3.4 Robot path planning and control

The path planner computes a collision-free trajectory taking the robot arm to the required cutpoints, even
when cutpoints are close to wires and the vine head. The rob& state is represented by the angles of each
of its six joints. These joint angles form a point in 6D con guration space.

Randomised path planners are widely-used for robot arm pattplanning. These algorithms require the follow-
ing three functions: rst, a collision detector, which takes a set of joint angles and tests if this con guration
puts the robot in self-collision, or in collision with obstacles in its environment. Second, an inverse kinematics
solver, which calculates sets of joint angles putting the rbot's end e ector in a particular pose. Third, a
local path planner, which tests whether a path between two pats that are nearby in con guration space
is collision-free. The local path planner works by interpohting con guration points between the two points,
and collision-checking each in turn.

The randomised path planner we use is a Rapidly-exploring Radom Tree (RRT)-based planner, RRT-
Connect (Ku ner and LaValle, 2000). RRT path planners construct a random tree in con guration space
where the edges are collision-free. The tree is grown by saripy new nodes at random (with a bias in
the direction of the goal), and then attempting to join each new node to the tree with a collision-free local
path. The tree expands throughout the con guration space, aad will eventually connect the source and
goal with a collision-free path if one exists. Once the goals reached, the path is simpli ed and converted
into a trajectory for the robot arm to follow. RRT-Connect ex pands trees from the source and goal pose
simultaneously, and joins them when they meet. We use the RRIConnect implementation from the Open
Motion Planning Library in Robot Operating System (ROS) (n. d.).

To make each cut, the robot arm sweeps the cutting tool throudp the cane. This is acut motion. There
are many possible cut motions that cut each cane. To nd one tfat is collision-free, we sample random cut
motions, and test each one with the local path planner. When w cannot nd a collision-free cut motion
close to the head we move the cutpoint further away.

Once we have planned each cut motion, we plan a path which vits each cut in turn. Currently the order
is arbitrary, but in future we will optimise the order for spe ed (Section 6).

Initially, we used the Flexible Collision Library (FCL; Pan et al., 2012) for collision-detection, and the polyg-
onal mesh-based model of the UR5 robot arm provided in ROS, hmever planning times were unacceptably
slow (Section 5.4). Now we use a collision detector based oregmetric primitives (cylinders and spheres),
which is described in detail in Paulin et al. (2015). Computing whether two cylinders are in collision is com-



Figure 7: Visualisation of the robot in its workspace, viewel from behind the robot. Obstacles (vines, trellis
wires, and the walls of the platform) are green. For collisim checking, the scene and arm are modelled as
cylinders, spheres, and planes (left). Only obstacles witim reach of the robot arm are used. We rst nd
points to cut (marked in orange), then adaptively add safety margins to obstacles before planning paths
between cutpoints (right).

putationally cheap compared with computing whether two medes intersect, and the cylinders are a better
approximation to the actual shape of the arm. A simple methodto reduce the number of checks required is
to sort the geometric primitives by their distance from the robot's base. When checking if part of the arm

is in collision, we only check against obstacles that are cker than the maximum distance of the arm part

from the base. This optimisation is known as \sweep-and-prume".

The robot's accuracy was tested by placing a coloured markeamongst the vines (a 2cm-wide red square),
then directing the robot arm to touch the marker instead of a cutpoint. The robot can touch the marker,
indicating that accumulated errors the robot's trajectory, calibration and robot position are typically 1cm.
Even 1cm errors lead to collisions, because the path simplcation uses “shortcutting’, which pulls the path
close to obstacles. The most common approach to reduce thesk of collisions is to add a safety margin
to obstacles (Fahimi, 2009). Safety margins prevent the planer from reaching many cutpoints, so we rst
compute cut motions, then compute the distance to collisionfor every obstacle, then adaptively add safety
margins to all obstacles so that the cut motions are not in cdision (Figure 7).

4 Ground truth data and system parametrisation

The system was developed and tested using images captured ihe vineyard. To parametrise and test indi-
vidual computer vision modules we used small sets of imageshere every cane is hand-labelled (Section 4.1).
To test the performance of the entire 3D reconstruction pipdine, and of the system as a whole, we used tens
of thousands of images showing entire rows of vines (Sectioh2).

4.1 Ground-truth labelled images

Each module of the computer vision system was parametrisedrohand-labelled training data (Figure 8). We
labelled images of nine vines (seveBauvignon Blang one Maller Thurgau and oneRiesling). For each vine,
we labelled the three stereo frames from each of three timesps. We created a simple GUI application for
labelling the images: wires, 2D canes, and connections beden canes are labelled by clicking on the image
to mark their position. Cane correspondences between stepeframes and between timesteps are marked by
clicking canes in a pair of images. In total 3228 2D canes in 8iinages are labelled. These images are divided
into a training set of six plants, used for system parametrigtion, and a test set of three plants, used for the



Figure 8: 3 stereo frames from the hand-labelled ground trut dataset. The positions of vines and wires
(green and orange), connections between them, and correspdences between them, are labelled by hand.

results in the following section.

We used the labelled training images to train the SVMs used tgoin cane parts in the 2D cane detector. To
obtain training data for each SVM, we extracted feature vecbrs from the training images, then automatically
compared each feature with the ground truth cane network to est if each was correct.

We next trained the SVMs that give probabilities that matche s and assignments are correct, using the
labelled training images again. We generated training dateby nding all candidate matches or assignments,
computing a feature vector for each one, and then used the gtmd truth to determine which were correct.

4.2 Vineyard-scale datasets

The system builds up a 3D model of vines over many frames, so tparametrise and test it we use image
sequences showing entire rows of vines. We captured imagek we rows of vines at 30 frames per second,
showing 226 plants over 373m. We selected a training set by ssampling these frames to match the range
of speeds at which the robot operates. We kept 9532 frames; oaverage one every 8.5cm when moving.
These vineyard-scale image sets are too large to feasibly hd-label, so to measure reconstruction accuracy
we use theintersection-over-union error?, 'U 'U measures how well the reconstructed vine models match
the foreground/background segmented images. It is comput@ by backprojecting the 3D model into every
image and comparing it with the foreground/background segnentation (Figure 9). It is de ned as:

I #( fmodel pixelgy\f foreground pixels)

U~ #(fmodel pixelsy [f foreground pixelsy) @

'U is 1 if the 3D model perfectly matches the foreground/backgound segmentation, and is O if there is no
alignment. It measures incorrect 3D structure, missing 3D &ucture, and errors in the camera trajectory. It
also includes approximation errors (canes are not actuallyolylines of uniform thickness), unmodelled junk
(dead leaves and tendrils), and canes which haven't been reostructed yet, but which will be reconstructed
in later frames.

ZL'J— is also known as the Jaccard index.
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Figure 9: Model quality was evaluated by projecting the 3D malel into each frame (bottom-left) and
comparing it with the foreground/background segmentation (top-left). The main image shows the di erences
between the frames: correctly reconstructed structure is rarked green, 3D structure which doesn't match
the foreground is marked red, and unmodelled 2D structure ismarked orange. These errors are due to
incorrectly-reconstructed canes, missing canes, appraxiation error and structure which is not yet modelled.
This frame has intersection-over-union error of 0.65 (a preision of 85% at recall of 85%).

We ran the system over this vineyard-scale training set to sethe parameters of the g2o optimisation that

a ect optimisation times and reconstruction accuracy over long sequences of frames. These parameters
include the number of camera poses to optimise each time andie number of Levenberg-Marquardt iterations.
Results are shown in Figure 10. The reconstruction accuracincreases as more camera poses are kept active
in the optimisation, and with more iterations, but the incre ase is small for more than three poses or six
iterations. These values provide a suitable tradeo betwe@ accuracy and e ciency.

Figure 11 evaluates the Pseudo-Huber robust cost functios't parameter on the vineyard-scale datasets
(Appendix A.2). The robust cost gives a small increase in acgracy over least-squares optimisatiod. A
relatively low t parameter of 0.25 standard deviations gives the best perfonance (lowert values give narrow
valleys in the cost function, explaining the poorer performance here).

5 Experimental evaluation

First we evaluate individual modules of the computer vision system in isolation, using the ground-truth
labelled test images. Second, we evaluate the computer vii system as a whole on the vineyard-scale
datasets. Third, we discuss results from vineyard trials. Fnally, we evaluate the computational e ciency of
the system. A video showing the di erent stages of the 3D recostruction, and the robot pruning vines in
the vineyard, is available as supplementary material, and & http://hilandtom.com/vines.mov
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Figure 12: Evaluating precision when comparing labelled gsund truth canes (dashed) and detected canes
(green). (a) detected cane overlaps 95% of ground truth canegiving 95% precision. (b), (¢) and (d) show
cases where canes fail the “correctly detected' test, givin0% precision: (b) detected cane overlaps less than
50% of ground truth cane; (c) detected cane goes outside grad truth cane; (d) ground truth cane detected
in multiple parts, and each part overlaps less than 50% of theground truth cane.
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Figure 13: Comparison of di erent methods of selecting corespondences between canes on test dataset
(hand-labelled images of three plants). 1145 matches betwe@ 2D canes give a plausible 3D reconstruction;
of these 496 are correct.

5.1 Evaluating the computer vision system against ground tr uth

We evaluated the 2D cane detector on the test dataset (handdbelled images of three plants; Section 4).
We de ne a cane to be correctly detected if it covers at least 8% of a ground truth cane and is at least
90% within a ground truth cane (Figure 12). The precision is then the total length of correctly-detected
canes divided by the total length of detected canes. The redhis the total length of correctly-detected cane
divided by the total length of ground truth canes. On the test dataset, the 2D cane detector achieves 58%
precision with 49% recalf. Most errors are due to canes being detected in several pastsather than as one
complete cane, and these parts are still useful for 3D recotrsiction. However, for more complete 3D models
it is necessary to combine measurements from many frames.

Next, we use the hand-labelled test dataset to evaluate thre methods for selecting a correspondence between
canes: rst, the minimum expected loss correspondence. Sewd, the maximum likelihood correspondence
(the correspondence found most often by Gibbs sampling). Tind, a common heuristic used to reject incorrect
matches: reject a match between 2D canes if the likelihood dhe second best match to either cane is within
some threshold of the likelihood of the best match. A similar heuristic is canmonly used for matching
SIFT features (Lowe, 2004; Szeliski, 2010).

Figure 13 shows the precision and recall of these proposed theds. The minimum expected loss corre-
spondence consistently outperforms the other options in tans of precision and recall. It has 72% precision
at 27% recall with = 0:5, whereas the maximum likelihood correspondence has praon of only 34% at
25% recall. The maximum likelihood correspondence is selieg ambiguous matches where a better recon-
struction would be given by not selecting these matches. By @ntrast, the heuristic rejects too many correct
correspondences as being ambiguous. The correspondenckattare missed are predominately matches be-
tween partly detected 2D canes (either there are multiple phusible reconstructions, or there is not enough
overlap to reconstruct), and incorrectly labelled training data. Botterill et al. (2014a) has further evaluation
and analysis of the minimum expected loss correspondence.

SEarlier in development, when correspondences and assignments were less reliabl e, the robust cost function gave a substantial
increase in performance, and was essential for reconstructing more than one or two plants. Now that other parts of the system
perform better, this is no longer the case.

4Interestingly, the test set performance is considerably better than the tra  ining set performance (51%/42%). This is due to
variation in the complexity of plants, and the person labelling becom ing more accurate with time. Reliably labelling training
data is known to be challenging (Russakovsky et al., 2015).
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Figure 14: The number of 3D objects in the reconstruction grev as the robot moved along the row and
observed more vines, but the incremental optimisation keptthe size of the optimisation, measured by the
number of vertices and edges, boundedSauvignon Blanc ldataset).

5.2 Evaluation on vineyard-scale datasets

To evaluate the performance and scalability of the 3D recontsuction, we tested the computer vision system
on large vineyard-scale datasets showing entire rows of v@s. This paper is the rst time an evaluation of
the entire computer vision system has been presented. Figer14 shows the size of the optimisation as one
row of vines was reconstructed. 59 plants (7198 3D objects) eve reconstructed from 10460 stereo triples
(i.e. 10460 camera poses). g2o0 models the optimisation as aagh where the vertices are the 3D points
and camera poses which are estimated, and thedgesrepresent constraints between vertices, e.g. a feature
measurement in an image is represented by an edge connectiagcamera pose with the feature's 3D point.
Full bundle adjustment would require 38000 vertices (14500 dimensions) which is not feasible for real time
operation, but the incremental bundle adjustment optimised at most 772 vertices and 5682 edges at any one
time.

The vineyard-scale datasets allowed us to evaluate the e d@s of robot speed and framerate on the 3D
reconstruction. Two rows of Sauvignon Blancvines were captured at 30 frames per second. We evaluated
accuracy at di erent speeds by subsampling the frames (fronevery frame to every 40th frame). The system
runs at a framerate of 2.5 frames per second. Figure 15 showhdt the accuracy and completeness of the
reconstruction are similar for a range of speeds up-to 0.25f®, as having extra frames showing the same vines
provides little additional information (it is generally mo re accurate and e cient to have few widely-spaced
views rather than many nearby views; Niser, 2001). For higher speeds, the accuracy and completeness
decrease as incorrect 2D-to-3D assignments become more aoon and more 3D structure is missed. To
summarise overall performance, we measured the length of ghrows (post-to-post distance) at 95.99m and
80.15m, and compared these distances to the 3D model (Figutks). The estimated row lengths are all within
1% of the measured distance, for subsets of up-to every 20thia@me, and have errors of 0.49% on average.
This level of accuracy enables the robot arm to cut canes aftethe platform has moved further along the
row. At a speed of 0.25m/s, the platform takes 7s to move betwen two plants, or just over 6 minutes to
reconstruct an entire row. This is fast compared with the time required for the robot arm to execute path
plans, which is 55s per plant, or one hour per row. For compasgon, a human would take around two hours
to prune one of these rows.

Next, we tested the Al pruning algorithm on the reconstructed vines. The Al was developed and trained
using simulated images of vines. Corbett-Davies et al. (20) evaluated the system's performance on 100
simulated vines by getting a viticulture expert to rate the quality of the pruning decisions made by the Al,

and also to rate the quality of decisions made by a human prune The decisions made by the Al were judged
to be better than the human for 30 vines, and at least as good 1089 vines. Figure 17 shows the pruning
decisions made for 59 real vines. On each plant the Al selectsvo long canes to keep, and two to cut at
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Figure 17: Every Sauvignon Blancvine from one row (58 vines), and the pruning decisions madeybthe Al.
The gure shows the variation in shape and structure of vinesalong a row. Two canes on each vine should
be kept (marked green), the head regions are marked yellow,na canes to remove are marked orange.
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Figure 18: Al pruning decisions for aChardonnay vine. The gure shows the 3D model of the vine back-
projected onto one frame. Canes to remove are marked in oraeg canes to keep are marked green, and the
head region is marked yellow. The red colour is a structuredight pattern, and is not currently used.

10cm (to “spur’). The remaining canes should be removed. Atitation of the present system is that many
plant models are missing canes (e.g. partly-reconstructedanes which are not connected to the plant), and
many plants have structural errors close to the head, precisly where the cuts should be made (Figure 18).
Section 6 discusses future plans for improving the 3D modelim order to address these issues.

5.3 Vineyard trials

We tested the pruning robot on a row of Sauvignon Blancvines in the Lincoln University vineyard in July
2015. The computer vision system built up a 3D model of the vies as the winch pulled the platform along
the row. The Al selected canes to cut from each vine model. Whethe arm was within reach of the cutpoints
on a vine, the system signalled us to stop the winch. The path [anner then planned paths to make all of
the cuts, and the arm executed these plans, before retractop The system then signalled us to restart the
winch, to move to the next vine. The trial is recorded using resbag (from ROS), so that ROS's model of the
arm in motion around the vines can be visualised afterwards.

Figure 19, and the supplementary video [ttp://hilandtom.com/vines.mov ) show the arm pruning a vine,
alongside the ROS's model of the arm pruning the 3D vine modelAll six canes which should be cut are hit by
the cutting tool, but four canes are pushed aside rather thanbeing cut. The cut motions extend 5cm either
side of the target canes, so hitting these canes indicate thidn this experiment, the total accumulated error
from modelling the vines, calibration, the robot's trajectory and robot positioning accuracy is of a similar
magnitude. For this vine, detecting that the platform has stopped and planning paths to all cutpoints took
5s, and executing the paths took 115s. This trial demonstrags that the complete integrated system can cut
canes, although it is certainly not reliable: trials on twelve other plants were mostly aborted due to the cable
tangling, connection failures, and cameras moving out of débration.

5.4 Computational performance

The image acquisition, computer vision, and path planning sftware runs on a desktop PC with a six-
core Intel i7 2.93GHz processor. The system runs asynchronsly and grabs new frames as soon as the
processing of previous frames is complete. Figure 20 showkat foreground/background segmentation and



Figure 19: A frame from the supplementary video, showing therobot arm reaching to prune the last of six
cutpoints on a Sauvignon Blancvine at Lincoln University vineyard (left). The visualisat ion on the right
shows the model of the robot arm, the vines and the cutpoints.
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Figure 20: Computer vision system CPU time broken down by tag.



Table 1: Impact of di erent collision detectors on path planning times and success rates. Median time per
path for planning and executing plans to-and-from an averag 8.4 cutpoints on each of 38 vines, using a
single CPU core. Each path moves the arm from one cutpoint to he next.

| Collision detector | Planning time (s) | Planning time with safety margin (s) | Execution time (s) |
FCL mesh models 1.82 1.98 5.87
Geometric primitives 0.37 0.39 5.91
Geometric primitives, sorted 0.13 0.17 5.98
Geometric self-collisions only 0.012 - 1.55
Comparable published results 0.4-1.0 - -

2D structure detection are the most expensive computer vigin tasks. Foreground/background segmentation
is slow because of the large number of pixels to label. 2D vingtructure detection is slow because of the large
number of decisions to make when joining primitives. These se SVM classi cation, and both could be sped
up with more use of boosting (i.e. simple classi ers that canclassify most examples, with the SVM applied
only to the remainder). Other parts of the system are relatiwely e cient because they operate on a small
number of higher-level parts, such as canes. By contrast, der plant modelling systems require minutes
per frame for either dense stereo processing (Dey et al., 2BLor to compute high-resolution volumetric

models (Kumar et al., 2012; Paproki et al., 2011).

Simple multithreading throughout the system (e.g. segmening the three frames from each camera concur-
rently) distributes the computational load over an average of four cores. On the complexSauvignon Blanc
vines, the system runs at an average of 2.5 frames per second.

We evaluated the e ects of the customised collision detectoon the time required for planning paths. We
compared it with the FCL collision detector, which uses meshintersections to detect collisions, and octree
spatial partitioning to nd these intersections e ciently (Pan et al., 2012). Table 1 shows the time required
for path planning and execution. To plan one path requires anaverage of 14000 collision checks, and in this
trial the path planner always succeeded in nding a collisim-free path. Planning times are 12 times faster
when using the customised collision checker with the objestsorted by their distance from the robot's base,
compared with the FCL planner. The collision checker based o geometric primitives is fast enough that
the time required for planning is insigni cant compared wit h the time required for execution (2.5s per plant,
compared to 53s for execution). These planning times are caiderably faster than than previous results for
agricultural robots using the same UR5 arm (Nguyen et al., 203; Lee et al., 2014).

We also tested our collision detector without obstacles, sehat it is only checking self collisions and collisions
with the platform walls. Paths are one quarter of the length on average, indicating that much of the time
required to prune a vine is because of the extra movement regred to avoid other vines.

6 Discussion and lessons learnt

We developed a complete robot system for pruning vines. Theystem is a prototype, and doesn't work well
enough to replace human pruners, but it does demonstrate mantechnologies that will enable pruning to be
fully automated. This section summarises the lessons leatrfrom the project, and makes recommendations
for how to design a commercially-viable pruning robot.



6.1 Computer vision system

The computer vision system works by breaking the problem upmto a cascade of smaller components. Every
component is tolerant to errors from earlier stage, and everthough many feature matches are missed, a
near-complete structure is built up over multiple frames. When canes are initially only partly visible, they
are extended when more complete detections come into view. e 3D model is a high-level parametric
model, where vines are represented by polylines. This modé essential for the Al to decide which canes to
prune, and is also useful for e cient path planning.

The accuracy of each component can be evaluated on ground ttl labelled images, in isolation of later com-
ponents. This design enables us to parametrise each compantén turn, and avoids the challenging problem
of parametrising many components jointly>. Developing and parametrising each component individuay to
match ground truth was a breakthrough which gave a large perfrmance increase for the entire system.

The most signi cant limitation of the computer vision syste m is incorrect 3D structure around the vine head,

which originates from errors in 2D cane detection. The bottan-up parse used to nd the 2D canes makes
local “join' decisions independently of the large scale sticture of the plant. To address this we are researching
ways to parse the images using both local and global knowle@gof the vine's structure. A further limitation

is that moving canes are not modelled. Modelling dynamic olgcts from moving cameras is challenging in
general (Sheikh and Simon, 2014), but canes are a special eafne end stays still while the other sways).
This knowledge could be used to model their motion within the optimisation.

One way in which the completeness of the 3D models could be impved is by fusing additional sensors.
Preliminary work shows that laser-line structured light gives high-resolution depths, even on thin wires,
which can be used in conjunction with vision for vine modellhg (Botterill et al., 2013a).

6.2 System architecture

The system was designed so that the platform moves continualy while a 3D model of the vines is built,
and while the robot arm makes the cuts. At present, the platfam stops while the arm makes cuts. To prune
while the platform is in motion would require the arm to react dynamically to the platform's movement.
This dynamic path planning is challenging, and it is unclearwhether a signi cant speedup over a start-stop
system could be obtained. A consequence of the continuousiyoving design is that a long chain of hardware
and software components must all work reliably over multiple frames for a vine to be modelled and pruned.
Even when stopping to cut, the accuracy in cutting a cane is Imited by the combination of errors in the
3D model (including approximation errors and errors in camea calibration), movement of the canes, errors
in the robot's estimated trajectory, errors in the robot-to -camera calibration and errors from the robot's
positioning accuracy. By contrast, a robot that stops at evay vine for both imaging and cutting could make
more accurate cuts and would be more robust, because it has darter chain of components where errors
can accumulate, and has fewer points of failure. Stopping tanodel each vine would also give the option of
3D reconstruction methods including voxel-based shape-fim-silhouette and coded light, and would avoid
the need to reconstruct 3D models incrementally or to recorisuct the platform's trajectory. However, one
application for which there is much industry demand (Hall et al., 2002; Araus and Cairns, 2014) and for
which the current architecture is ideal, is for measuring eery vine in the vineyard for crop monitoring and
for phenomics research.

6.3 Robot motion planning and cutting technology

The main bottleneck in the current system is the time required for the robot arm to execute paths, and
we are currently researching ways to optimise execution tims. These optimisations will include improved

5Similarly, the lower layers in deep neural networks are parametrised seq uentially from the bottom layer up, because training
all layers jointly gives poor results (Hinton et al., 2006).



ordering of cutpoints (an example of the travelling salesma problem, which is small enough to solve exactly),
and nding nearby robot con gurations to cut nearby canes. These optimisations will be possible because
of our relatively fast planning times. There is also potental to further improve planning times by choosing
a di erent path planning algorithm (many are available in th e Open Motion Planning Library).

One reason for slow path execution times is that the articuléed robot arm sometimes requires large joint
rotations in order to move the cutting tool a short distance (see supplementary video). Future simulation
studies will investigate whether an arm with more degrees ofreedom, or with a di erent joint con guration
(e.g. a robot with parallel manipulators), will enable faster movements.

The current cutting tool requires 10cm-long cut motions to aut the canes, and often fails to make a separation
cut. The long cut motions required limit which canes can be ctiwithout hitting other canes. Quality pruning
requires many cuts that are close to the canes' bases (aboutcin from the base for Sauvignon Blang. In
future, we will use a compact secateur-based cutter, which W allow cuts to be made closer to the head and
closer to other canes. We will also eliminate the tangle-proe external power cable.

7 Conclusions

This paper described a system for robotically pruning grapevines. The robot images the vines with a
trinocular stereo rig, then uses a customised feature-mating and incremental bundle adjustment pipeline
to build a 3D model of the vines, while estimating the robot's trajectory. To overcome the challenges of
modelling the self-occluding and self-similar canes we ct@mised the 3D reconstruction system to exploit
knowledge of the vines' structure.

The system reconstructed 3D models of entire rows of vines vile the robot moved at 0.25m/s, and the
robot's trajectory estimate was accurate to within 1% of ground truth. The 3D models are accurate enough
that the robot arm can reach and make cuts. The 3D models are pametric models of the vine's structure,
and are used both for deciding which canes to cut, and for e cent collision-free path planning for the robot
arm. To our knowledge, this is the rst attempt to automate ca ne pruning, where a complete and connected
model of the plant is required.

The current system was designed to model the vines as the pliitrm moves, but many of the techniques
developed would also be suitable for a robot that stops at ewy plant. In addition, the ability to build 3D
vine models in real-time from a moving platform is useful forcrop monitoring and phenomics.

A Appendix

A.1  Support Vector Machines

Many dierent tasks in the computer vision system are formulated as classi cation problems and solved
using Support Vector Machines (SVMs; Schelkopf et al., 200). SVMs are a standard machine learning tool
for binary classi cation of feature vectors. An SVM uses a deision function to classify each feature vector as
positive or negative (given by the sign of the decision fundon). The parameters of the decision function are
tted to minimise classi cation error on a labelled trainin g set of feature vectors, then this decision function
is used to classify future examples. A simple example is deting whether a pixel is foreground or background
based on its colour vector, and a more complex example wouldébdeciding whether two detected 2D cane
parts are part of the same cane, based on a feature vector ingling the relative positions, thicknesses and
angles between them.

A linear SVM nds a hyperplane in feature vector space which €parates positive and negative feature vectors,
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Figure 21: Pseudo-Huber cost function.

and classi cation with linear SVMs is computationally cheap. Radial Basis Function SVMs (RBF-SVMs)
are more powerful as they can represent more complex decisicurfaces. SVMs have hyperparameters which
control the penalty for misclassi ed training examples ( ) and the complexity of the decision surface (),
these should be set so that the decision surface is complex@mh to represent the trends present in the data,
but without over tting. Often the SVM will generalise bette r to new examples if it is trained on a minimal
subset of the features; this reduces the complexity and dimesionality of the model. We use standard best
practice to choose hyperparameters and a feature subset vibut over tting: we normalise feature vectors,
then select hyperparameters and a feature subset which maxiise the six-fold cross-validation score (Hsu
et al., 2003). Hyperparameters are selected by grid searctand the feature subset is selected by backward
feature selection (repeatedly removing features from thedature subset until the score no longer improves;
Jain and Zongker, 1997).

For classi cation, class weights control the trade-o between the rates of false positives and true negatives.
Alternatively we can t a sigmoid curve to the SVM's decision function to map the SVM response to class
membership probability (Zadrozny and Elkan, 2002). For multi-class classi cation, we train one SVM per
class (against every other class), then select the class witthe highest decision function response. Many
alternative machine learning algorithms could be used instad of SVMs, e.g. Neural Network or Random
Forests. These methods all have similar performance on lowimensional standard machine learning datasets
(Meyer et al., 2003; Caruana and Niculescu-Mizil, 2006).

A.2 Robust optimisation

thimisation methods like Levenberg-Marquardt nd models minimising the sum of squared residual errors,

. r2. This is a maximum likelihood estimate of the model if the resduals f r;g are independent and normally-
distributed. In practice reprojection errors are not approximately normally-distributed|large residuals often
occur due to incorrect 2D-to-3D assignments and moving cargee A more appropriate error term to minimise
is the Pseudo-Huber robust cost (Hartley and Zisserman, 208 Appendix 6.8):

r !

X ri 2
cost= 22 1+ - 1 (3)
t

The Pseudo-Huber cost is approximately quadratic when resiual errors are low, and linear when they are
high, with t controlling where this transition occurs (Figure 21). The Pseudo-Huber cost is minimised in
the g2o0 Levenberg-Marquardt framework by the Iteratively-Reweighted Least Squares method (Hartley and
Zisserman, 2003, Appendix 6.8): residuals are weighted sdat their square is the Pseudo-Huber cost.



A.3 Supplementary material

A video showing the di erent stages of the 3D reconstruction and the robot pruning a vine in the vineyard
(alongside the corresponding 3D vine and arm model in ROS),si available as supplementary material, and
at http://hilandtom.com/vines.mov . It is best played with VLC media player.
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