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Abstract

Abstract

Accurate and timely estimation of vineyard yield is crucial for the pro tability of vineyards. It
enables better management of vineyard logistics, precise application of inputs, and optimization
of grape quality at harvest for higher returns. However, the traditional manual process of yield
estimation is prone to errors and subjectivity. Additionally, the nancial burden of this manual
process often leads to inadequate sampling, potentially resulting in sub-optimal insights for
vineyard management. As such, there is a growing interest in automating yield estimation using

computer vision techniques and novel applications of technologies such as ultrasound.

Computer vision has seen signi cant use in viticulture. Current state-of-the-art 2D approaches,
powered by advanced object detection models, can accurately identify grape bunches and indi-
vidual grapes. However, these methods are limited by the physical constraints of the vineyard
environment. Challenges such as occlusions caused by foliage, estimating the hidden parts of

grape bunches, and determining berry sizes and distributions still lack clear solutions.

Capturing 3D information about the spatial size and position of grape berries has been presented
as the next step towards addressing these issues. By using 3D information, the size of individual
grapes can be estimated, the surface curvature of berries can be used as identifying features,
and the position of grape bunches with respect to occlusions can be used to compute alternative
perspectives or estimate occlusion ratios. Researchers have demonstrated some of this value with
3D information captured through traditional means, such as photogrammetry and lab-based
laser scanners. However, these face challenges in real-world environments due to processing

time and cost.

E ciently capturing 3D information is a rapidly evolving eld, with recent advancements in
real-time 3D camera technologies being a signi cant driver. This thesis presents a comprehen-
sive analysis of the performance of available 3D camera technologies for grape yield estimation.
Of the technologies tested, we determined that individual berries and concave details between
neighbouring grapes were better represented by time-of- ight based technologies. Furthermore,

they worked well regardless of ambient lighting conditions, including direct sunlight. However,
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distortions of individual grapes were observed in both ToF and LIiDAR 3D scans. This is due

to subsurface scattering of the emitted light entering the grapes before returning, changing the
propagation time and by extension the measured distance. We exploit these distortions as unique
features and present a novel solution, working in synergy with state-of-the-art 2D object detec-
tion, to nd and reconstruct in 3D, grape bunches scanned in the eld by a modern smartphone.
An R? value of 0.946 and an average precision of 0.970 was achieved when comparing our result
to manual counts. Furthermore, our novel size estimation algorithm was able accurately to es-
timate berry sizes when manually compared to matching colour images. This work represents
a novel and objective yield estimation tool that can be used on modern smartphones equipped

with 3D cameras.

Occlusion of grape bunches due to foliage remains a challenge for automating grape yield es-
timation using computer vision. It is not always practical or possible to move or trim foliage
prior to image capture. To this end, research has started investigating alternative techniques to
see through foliage-based occlusions. This thesis introduces a novel ultrasonic-based approach
that is able to volumetrically visualise grape bunches directly occluded by foliage. It is achieved
through the use of a highly directional ultrasonic phased array and novel signal processing tech-
nigques to produce 3D convex hulls of foliage and grape bunches. We utilise a novel approach
of agitating the foliage to enable spatial variance ltering to remove leaves and highlight spe-

ci ¢ volumes that may belong to grape bunches. This technique has wide-reaching potential, in

viticulture and beyond.
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Introduction

Chapter 1

Introduction

Background

Vineyard vyield estimations is an important consideration for viticulturists and the wineries
they supply.An accurate forecast can reduce costs associated by allocating correct vat space,
purchasing barrels and bottles, and organising correct labour requirements [1]. Also important
is the resulting quality of the grapes themselves. Grapes possessing higher qualities (in such
aspects as sugar content, pH level, acidity, and aroma) can produce a premium wine [2, 3, 4].
Unfortunately, it is impractical for winemakers to assess grape bunches singularly. Instead, their
gualities are traditionally determined over an entire harvest ‘parcel’ (block of land) where the
lowest common denominator of quality is often applied. Therefore, it stands to reason that
viticulturists will aim to produce grapes of a uniformly high quality in order to maximize pro t.
However, vineyards are spatially variable. It is dicult to produce uniform crops across the
entire range of soil conditions and other spatially variable in uential factors [5]. \Precision
Viticulture" describes a range of approaches and management tools aimed to alleviate these

problems [6].

Wine grapes often provide the best quality under sub-optimal conditions. Vineyard managers
will often pursue this high-quality wine using precision viticulture techniques such as de cit
irrigation [7], cluster thinning [8], and variable rate applications [9]. Such techniques are highly
dependent on an accurate spatial understanding of the current state of vine growth. For example,
the execution of selective harvesting requires understanding the spatial distribution of the quality
of grapes within the vineyard. The closer to harvest that this is performed the more informative

it will be. Likewise, it is bene cial to know how environmental events, like unexpected rainfall,
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may have impacted grape development. A sudden downfall can have a signi cant impact on
de cit irrigated vines [10]. Knowing early what changes have occurred enables managers to

implement corrective actions.

Traditionally, these vineyard assessments are conducted manually with trained sta . Therefore,

it can be an expensive endeavour to adequately record spatial and temporal variations. As a
result, the implementation of precision viticulture techniques can be seen as unpro table by
some vineyards [11, 12]. Furthermore, the subjective nature of manual assessments can add
uncertainty to the results. Therefore, an automated objective and low-cost approach to yield
estimation is required. We believe that computer vision and novel ultrasonic techniques provide

an opportunity for such tools to be developed.

The following sections provide context to the challenges facing viticulturists, the motivations

and factors at play, and what tools they currently have available.

The Variability of Vineyards

Vineyards, like most agricultural systems, are variable. For most of history, managers have
simply accepted this and done the best they can on the assumption that vineyard parcels are
mostly homogeneous. In 1999, the rst commercial GPS harvest yield monitor was released to
the market, allowing farmers to model yield as a spatial and temporally changing variable [13].
Since then, there have been numerous studies conducted into spatial and temporal variability
within vineyards. In a study by Bramley et al. [14] of a vineyard in Australia, it was found
that, in any given year, the yield was observed to vary by up to ten-fold. Additionally, the
study highlighted signi cant spatial variation across the entire 7.3-hectare block. This variation,
coupled with the fact that the quality of wine from these zones diered, made it an ideal
candidate for zone-based vineyard management and the implementation of approaches such as

selective harvesting [5].

Grape and wine quality is also highly variable and yield can not be directly linked to the quality
of a wine [5, 15, 16]. Additionally, quality is not a byproduct of lower yields [14]. A study by

Matthews et al. [16] concluded that the viticulture practices used to control for yield may be
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more important than the yield itself as a factor for predicting grape quality. Moreover, in the
study by Bramley et al. [5], it was found that between zones of similar yield, the wine was
not consistent between seasons. This relationship is important, as in some situations it may be
detrimental to focus on achieving high yields if it comes at the expense of quality. Therefore, by
accurately monitoring vine yield throughout the season, more informed management decisions

can be made to bring these factors into balance.

Given the complexity of vineyard variability, one may wonder if attempting to monitor or control
for this variability is worth the investment. Indeed, Whelan and McBratney [17] de ne the null
hypothesis of precision agriculture as given the large temporal variation evident in crop yield
relative to the scale of a single eld, then the optimal risk aversion strategy is uniform manage-
ment". However, in a study of the bene ts, Bramley et al. demonstrate how the implementation
of precision viticulture techniques was able to increase prot margins by$30,000 per hectare

[12], a substantial return on investment.

Precision Viticulture Techniques

Precision Viticulture is a term used to describe a selection of tools and processes for optimising
e ciency, increasing Yyields, and improving the quality of grapes within vineyards. Matese et al.
[18] de ne precision viticulture as \aim[ing] to maximize the oenological potential of vineyards

A range of technologies and processes have been developed for this goal.

Selective harvesting is an approach used by precision viticulturists proven to provide sig-
ni cant economic bene ts [12]. Bramley et al. de ne selective harvesting as ‘the split picking
of fruit at harvest according to di erent yield/quality criteria, in order to exploit the observed
variation ". Traditionally this is achieved with a comprehensive survey of the crop quality per-
formed a week or two before the planned harvest date for each parcel. The goal of this survey
is to determine the spatial variation of the quality of the fruit within the parcel and create

a classi cation map that can be then used to harvest crops into di erent quality categories.
Typically only two categories are used for simplicity. Selective harvesting can be achieved by

harvesting each categorized crop into separate bins on the same day. Alternatively, it can be
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achieved by performing the harvest for each zone at di erent times. The latter can be used to

allow lower-quality grapes to mature for slightly longer changing the quality of the nal wine.

Variable rate application refers to the precise application of inputs (such as nutrients or
water) to a vineyard so as to best achieve the optimal crop without being wasteful [17]. Done well,
variable rate applications can reduce the spatial variability within a vineyard by targeting only
the vines that need it. Success relies on a detailed understanding of the spatial and temporal
variability, often to the accuracy of an individual vine. Several studies have compared the
e ectiveness of traditional uniform application to variable rate application as enabled by real-
time modulation of spray ow rates [9, 19]. The results show signi cant improvement in foliage
coverage and average volumetric liquid savings of up to 58% when compared to a uniform

application approach [19].

Cluster thinning is a process used to reduce the crop load on a vine. The theory is that by
reducing the crop load, the resources of the vine are better utilised for the development of the
remaining berries [10]. Cluster thinning is traditionally done by hand, which is a laborious and
time-consuming task. Vineyard managers attempt to nd a balance between a reduction in yield
against the potential gain in quality and additional price that might be reached. A well-timed
thinning can be used to advance berry ripening for red cultivars and increase soluble solids in
white varieties [8]. E ective thinning relies heavily on accurate yield estimations to develop an

understanding of the current crop loading.

Computer Vision for Viticulture

In the previous section we saw that there are a number of challenges facing vineyards where au-
tomation would be bene cial. Computer vision provides potential opportunities to facilitate this
automation through automated measurements. This section presents a light overview of typical
computer vision approaches to automating yield estimation and the areas of active research.
For a more in-depth background, the reader is directed to the literature reviews in subsequent

chapters.
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Grape berries grow in bunches; are relatively small in comparison to other fruits; and for coloured
varieties, remain green for the majority of their growth cycle. Computer vision techniques used
in vineyards typically revolve around object detection and classi cation in an attempt to develop
an understanding of general vine growth performance. Often, metrics such as grape cluster size,
shape, compactness, and grape berry size are desirable. The international OIV descriptor list
[20] is a typical target for such information. The goal of machine vision in viticulture is to provide
objective information regarding vine performance for the improved management of vineyards
[14]. For example, early developmental stage yield maps can be used to introduce precision
viticulture techniques such as variable rate application [6, 21]. Additionally, late-season spatial
maps of berry quality can be used for selective harvesting [12]. Of primary importance to

viticulturists is predicting the harvest weight ( Wy). In a basic form, this can be expressed

Wh = Np Wy; (1.1)

where Ny, is the number of berries andW,, is the average weight of the berries. Determining
these values accurately across the entire vineyard is the primary goal of computer vision for
automated yield estimation. However, there are many di culties in estimating these in addition

to other metrics that are valuable to vineyard managers. Some of the key areas of research are
introduced in the following sections. Detailed reviews of applicable literature can be found in

subsequent chapters.

Machine Learning and Object Detection

Early research in this space focused on the challenges that arise when applying traditional
computer vision techniques to identifying grapes and grape bunches. Particular attention has
been placed on colour invariant techniques due to the variable colour of grapes and the natural
lighting conditions in vineyards [22, 23, 24]. Similarly, traditional algorithms for identifying

circular objects, such as Hough Transform [25] and exploiting radial symmetry of grapes in

controlled lighting environments have seen considerable study [26, 27, 28, 29].

The recent explosion in the capabilities of machine learning, and, in particular, object detection
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algorithms has seen much of this early work rapidly superseded. Today, machine learning algo-
rithms enjoy widespread use in industry and research focus has moved on to how best to apply

these as tools.

In viticulture, machine learning techniques have traditionally been demonstrated for the detec-
tion of grape bunches in 2D colour images. Examples included convolutional neural networks
[30, 31] and various YOLO (You Only Look Once) variants [32, 33, 34, 35]. For accurate yield
volume estimations, it is also desirable to count the number of berries within bunches. YOLO
architectures have proved e ective for this purpose also [36, 37]. Research continues into us-
ing machine learning classi ers to understand the quality of individual bunches and potentially

identify ailments [38, 39].

The biggest challenge with implementing these models remains the building of adequate datasets
that capture enough variability of the intended target object and environment. Manual labelling

is a common but very time-consuming approach and a viticulture context often needs to be
repeated for di erent grape cultivar varieties. Techniques to automate this in a practical way

promise to save a lot of time.

Measuring Berry Size

Berry size is an important indicator of the stage of growth and quality of a grape [16]. There
is an inherent relationship between a berry’s size and its weight. If the size of berries within a
bunch can be estimated, then the harvest weight can be predicted [25, 40]. Furthermore, the
distribution of berry sizes within bunches and by extension vines can be a strong indicator of
vine health and expected yield and quality [41]. Grape bunch density has been deemed one of
the primary descriptors of cluster growth stages by the international organization of vine and
wine (OIV); presented as indicator 204 in the OIV descriptor list [20]. Understanding the growth
rate of grapes between fruit set and verasian allows the implementation of precision viticulture
practices such as variable rate application and cluster thinning [4, 6, 21]. However, gaining an
understanding of grape-size variability within a vineyard is a laborious process, traditionally

requiring the manual picking and measuring of berries and berry clusters.
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This presents an excellent opportunity for computer vision-based solutions. However, for 2D
approaches, resolving the absolute size of a grape requires information on its distance relative
to the camera. To overcome this, some researchers modify the environment when capturing 2D
images and place reference objects of known size next to the grapes. By comparing the size of
the grapes to the known size of the reference object, the size of the grapes can be estimated [25].
Additionally, controlling the distance that grape bunches are positioned relative to the camera

can be an e ective alternative [42, 43].

Modifying the environment to estimate depth and berry size is possible with handheld solutions.
However, it's not entirely practical for large-scale automated solutions. Synchronised pairs of
cameras have been demonstrated as one means of solving this [40, 26]. Matching grapes can be
identi ed within both images and using the spatial relationship between cameras the scale and

physical size of individual grapes can be found.

Grape bunch and berry size can be more readily estimated through the capture of 3D informa-
tion. With a su cient quality of 3D scan, individual berry sizes can be determined with a high
degree of precision [44]. Researchers have traditionally used multi-view stereo [45], and structure
from motion [46] for this task due to the accuracy of 3D scan that can be achieved. However,
the complex processing required to achieve these results is less than ideal. The introduction of
3D cameras presents an opportunity for e cient real-time size estimations. Often the precision

is only suitable for coarse bunch size estimates [47] as the resolution to resolve individual berries
is lacking at distance [48]. The quality of 3D scans of grape bunches produced by these means

needs further exploration.

Portable Techniques

Numerous researchers have explored robotic solutions for automating grape yield measurements,
ranging from robots capturing images by traversing vineyard rows to those autonomously picking
grape bunches [26, 40, 49, 50, 47]. While these robot implementations o er advanced capabilities,
they can be costly and unnecessary for many vineyards. In such cases, a more practical approach

may be to utilize smartphones or handheld consumer cameras for objective, low-cost, and e cient
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measurements [51, 43, 52, 53, 29]. Using a smartphone in this context has the advantage of
widespread ownership among individuals, eliminating the need for growers to invest in extra

equipment.

Previous studies have demonstrated complete smartphone-based solutions [27, 28, 43], but often
the captured images are processed o ine by more capable computers [54, 52]. Moreover, the
cloud processing capabilities of modern smartphones allow exibility for solution architects to

implement more advanced algorithms.

Adopting a portable approach o ers unique bene ts, as it allows researchers to manipulate the
grape bunch of interest. Techniques such as placing coloured cards behind the bunch to simplify
segmentation or adding a known object to the scene to determine scale have been utilized [25, 43].
Additionally, using an arti cial background held at a xed distance from the camera enables
consistent scaling of grape bunches in relation to the background and thus grape size can be

inferred [42].

3D Systems for Precision Viticulture

Applying traditional 2D computer vision techniques to precision viticulture continues to be

a large focus for research. In particular, the application of the latest machine learning tools
continues to unlock new potential. However, 2D solutions lack information about the scale of
the environment and continue to rely on optimal lighting and environmental conditions to achieve
good results. Recent advancements in 3D sensors and the introduction of low-cost real-time 3D
cameras have opened the eld to new techniques that will lead to more robust approaches and

increased accuracy.

Historically, the use of 3D information in vineyard canopy measurement has played a valuable
role in optimizing crop loads and implementing variable rate applications to enhance e ciency
[55]. Notably, there have been successful applications of low-cost ultrasonic transducers [56, 57]
and push-broom style LIDAR scanners [58] for this purpose. These technologies have demon-

strated signi cant volume savings of up to 58% by adjusting the spray ow rate of fertilizers



Introduction

[19, 9]. Unlike ultrasound, the accuracy and precision of LIDAR scanners make them useful be-
yond canopy estimation. Their use has been explored for estimation of 3D biomass of wintered
vines [59], canopy Il characteristics, and leaf wall area [55]. However, e ective use requires

signi cant post-processing and careful alignment of the scan data [56, 59].

On a larger scale, 3D information has been used as a tool for surveying entire vineyards using
aerial Structure-from-Motion (SfM) techniques and low-cost consumer drones. This approach
has demonstrated the collection of numerous critical metrics for vineyard management including
canopy volume, vine height, vine width, and growth uniformity [60, 61]. However, its success is
highly dependent on image quality [62]. SfM has also been combined with hyperspectral imaging
[63] to model leaf area index (LAI) comparable with ground-based approaches and construct

hyperspectral digital surface models (HS DSM) [64, 65].

SfM has also seen the use on ground robots to capture detailed 3D point clouds of entire vineyard
parcels [45, 46]. The resulting point clouds are then processed further to segment di erent

aspects of the vines’ structure including branches, leaves, and grapes [66, 67]. However, the
process of generating these point clouds takes time which limits its use to post-capture analysis

[68] and restricts its use in real-time robotics or in situ precision viticulture applications.

For grape yield estimation, a key bene t 3D information provides over traditional 2D imaging
techniques is the potential for the size of grapes and bunches to be determined. This gives rise to
useful metrics including bunch compactness, average berry size, bunch volume, and berry weight.
Furthermore, capturing the surface curvature of grapes enables shape- tting algorithms such as
Random Sample and Consensus (RANSAC) to be applied for individual berry identi cation
[69, 70]. Depth information used in conjunction with traditional 2D imaging also has merit,
for example, the automated removal of backgrounds based on depth thresholds to simplify 2D

image processing [71].

Light Detection and Ranging (LIDAR) based solutions have also been explored for use in viti-
culture. These typically dier from the push-broom style scanners discussed above in that
they capture 3D information from a perspective akin to a traditional camera. Highly accurate

scanners have been used in lab conditions to capture complete 3D scans of grape bunches for
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high-precision phenotyping [69, 70]. The accuracy of these scans enables direct identi cation of
individual grapes through RANSAC sphere [72] and ellipsoid [73] tting. Furthermore, full re-
construction of the internal bunch structure has been demonstrated using morphological growth
models and restricted reconstruction grammars [74]. The laser scanners used in these studies
are expensive and require skilled manual operation. They have been tested in eld conditions,
but their sensitivity to the movement of the grape bunch and surrounding foliage complicates

the process.

Over the last few years, there has been a signi cant rise in the availability of low-cost 3D cam-
eras. These cameras o er a distinct advantage by capturing real-time 3D information about a
scene. This makes them uniquely suitable for robotics and other time-critical applications [75]
but also as a more e cient means of building large 3D scans for post-processing [76]. The real-
time nature of 3D cameras lends itself to robotic applications such as bunch pose estimation [77]
for autonomous vine pruning [75]. Additionally, their application towards characterising vine
canopies [78] for variable rate applications has been explored. Several 3D camera technologies
have been developed and their performance within a viticulture context has been explored to
varying degrees. Time of Flight cameras have received particular interest due to their superior
performance in di cult lighting conditions [79]. However, noise and accuracy remain a challenge.
Other 3D camera technologies have been featured in literature, including Structured Light (SL)
[48, 80] and Active Stereo Vision (ASV) [47, 81]. However, these struggle in outdoor environ-
ments with direct sunlight due to saturation of their emitted IR patterns [82]. Cost-e ective

3D cameras that utilise LIDAR principles have recently become available. Initial studies have
shown performance comparable to ToF cameras; however, direct sunlight presents a challenge

in some cases [79].

Addressing Occlusion

A limitation of computer vision techniques is that it requires the complete visibility of grape
bunches for accurate results. However, this is not reliably achievable due to occlusions present
in vineyard. Therefore, occlusion may be the biggest unsolved issue when it comes to automated

solutions for yield estimation.

10
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According to the OIV descriptor list, a grape cluster’s size, compactness, and shape are vital
to understanding the vine’s growth and performance [20]. Thus, understanding the structure of
each entire bunch is crucial for e ective analysis. Occlusions take multiple forms in the context
of viticulture. Nuske et al. [83] present three occlusion types that are the source of the majority

of errors: self-occlusion, bunch-occlusions, and foliage-occlusions.

The complex nature of grape bunches results in self-occlusions where the visible part of

the bunch may not be an accurate representation of the whole.

Grape bunches often grow in close proximity to other bunches. This often leads to bunches
occluding and, in some cases, being indistinguishable from each other from a single per-

spective.

Grape bunches patrtially or fully occluded by foliage present a challenge for machine vision

systems attempting to present accurate yield estimates.

Self occlusions Grape bunches can host upwards of 100 individual grapes and grow in a
large variety of shapes depending on variety and environmental in uences [41, 20]. As with

general foliage occlusion discussed prior, methods of dealing with self-occlusion typically also
involve a visibility factor ( V;) [84]. This naively assumes the visible portion ) of the bunch

is proportional to the actual berry count (Ny) using

Np= V¢ Ny: (1.2)

However, it is understood that such a factor attempts to account for too many sources of
variation [83]. Alternative approaches, such as modelling the bunch as a 3D ellipsoid with a
size proportional to the number of berries within the bunch have been demonstrated to be
more accurate [83]. However, these require well-de ned bunch dimensions that are di cult to

obtain from 2D images. Additionally, the application of morphological growth models to the

visible portion of grape bunches shows great promise for estimating the structure of the non-
visible portion. To date, such approaches have utilised manual measurements taken in controlled

conditions [85, 86] or complete 3D laser scans of grape bunches [74].

11
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Foliage occlusions  To reduce the impact of foliage occlusion, images will often be taken after
manual removal of foliage around the grapes [87, 66]. However, this can impact the crop-loading
potential of the vines and may not be a possible solution at some stages of vine growth or may
not be desirable for speci c species. Furthermore, manual involvement presents a bottleneck for

autonomous solutions.

In most computer vision solutions, foliage occlusions are accounted for by a simple scaling
\visibility" factor, deduced from manual measurements [40]. However, this approach is naive
and its accuracy will likely vary throughout a vineyard. Furthermore, a simple scaling factor
only attempts to account for yield variations. Important metrics such as the size and shape of a
cluster will remain impacted. More advanced methods have been demonstrated that model the
expected proportion of occluded bunches by analysing the canopy porosity and visible bunch
area [88]. Such an approach has the ability to adapt its visibility factor to spatial variability

across the vineyard but needs to be tuned to di erent cultivars and stages of growth.

Recently, researchers have attempted to see through foliage occlusions with the development
of microwave radar-based vyield prediction [89, 90]. However, these technologies are currently
costly, and still far from a commercial solution. In a similar fashion, studies have demonstrated
the potential for ultrasonic phased arrays to image through pasture [91]. However, no previous
work has explored such a technique for detecting grapes occluded by foliage. Integration of
ultrasound with traditional computer vision techniques may facilitate targeted ultrasonic scans

or classi cation of ultrasonically scanned volumes.

Motivation

Numerous computer vision algorithms have been developed for the detection of grape berries
within images. Approaches vary from using colour segmentation and edge detection to training
object detectors such as the ever-popular YOLO convolutional neural network models. The
state of the art in these approaches have been shown to accurately identify over 90% of visible
berries. However, even with these results, yield estimations are still prone to errors. One of

the primary reasons is that the majority of berries are occluded from the camera’s view, often
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due to foliage and other obstacles. In such situations, it is common for researchers to apply a
correction factor that approximates the proportion of occlusion over the entire vineyard. This is
less than ideal if there is a spatial variation of this factor throughout the vineyard. Complexity

is also introduced when nding the size of individual grapes is desired. This can be useful for
mapping growth rates and identifying the distribution of Hen and Chicken (Millerandage) in
bunches. In these cases, techniques for controlling the backgrounds behind bunches of interest

and adding calibration objects of known size to the scene are common [25, 42].

Yield Estimation with 3D Cameras

These limitations have initiated a body of research to explore the use of 3D information for
improving berry identi cation. Utilising 3D information, researchers can apply 3D shape-based
feature detection to address colour and illumination issues. Additionally, by combining multiple
viewpoints into one 3D reconstruction, small occlusions can often be removed. However, one
of the largest bene ts of utilising 3D information is that berry size can be readily established
without needing calibration objects in each image. The addition of 3D information in this way

has demonstrated improved results over traditional 2D methods [87].

Structure-from-Motion (SfM) is a technique that captures 3D information derived from a se-
guence of RGB images. These images are processed to nd correspondence between image pairs
and create dense point clouds. However, such approaches are computationally expensive and,
for a single row of vines, may take hours to compute [45]. An alternative approach is to utilise
3D cameras which are able to produce 3D images of a scene in real-time. This is altogether
faster and more exible, opening the door for integration with real-time robotics and active
vision techniques [47, 77, 92]. Such 3D cameras are relatively new and not much work has been

done towards their use in agriculture.

This work aims to investigate the feasibility of using, low-cost 3D cameras for the purpose of yield
estimation. Compared to current approaches within the literature, these have the advantage of
being highly portable and working in real-time. To date, there has been little investigation into

the use of these cameras for vineyard yield estimation. We believe there is signi cant potential
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to leverage the strengths of these 3D cameras for objective mobile assessments by utilising 3D
cameras within modern smartphones as well as exploiting their real-time nature for robotic

active vision systems.

Ultrasonic Detection of Occluded Grapes

Addressing foliage occlusions poses a signi cant challenge for automation using conventional
computer vision or 3D cameras. In many situations a technology that enables seeing through
occlusions and accurately identifying grape bunches would be highly desirable. A promising
solution to tackle this issue lies in employing ultrasonic phased arrays. These arrays possess a
narrow beamwidth, which allows them to distinguish between multiple echoes e ectively. Their
successful application in pasture bio-mass estimation, where they can image through foliage to

the underlying ground layer, demonstrates their potential.

However, despite the success in pasture applications, no previous studies have explored the use
of ultrasonic phased arrays for detecting occluded fruit, such as grape bunches. This research
aims to investigate the feasibility of employing this technique for that purpose and proposes
innovative methods to Iter out foliage occlusions, enabling the identi cation of occluded grape

bunches.

Research Questions
This research aims to address the following questions:

How do low-cost 3D camera technologies perform for imaging individual and clusters of

spherical objects?

How do low-cost 3D camera technologies perform when imaging grape bunches in lab and

outdoor environments?

Can scans from 3D cameras e ectively identify and estimate the size of individual berries

in unstructured and uncontrolled eld conditions?

Can air-coupled ultrasonic phased arrays identify grape bunches occluded by foliage?
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Scope of the Study

Grape vyield estimation is a complex process that is applied throughout the world with various
di erent approaches and techniques. Ultimately, the goal is to increase the value of the harvest
and optimise the logistics surrounding it. Typically this is a manual process and relies on the
intuition and understanding of skilled viticulturists. Standardisation, regularity and vineyard
coverage are all areas where automation is being looked to for solutions. Yield estimation is
a process performed regularly throughout the growing season. From initial bud breakthrough
to days before harvest. Therefore, di erent algorithms are needed at di erent periods within
the season. An algorithm for detecting and classifying the health and distribution of buds will
be di erent from one detecting growth and distribution of berries pre-veraison, and that again
is likely to be dierent from mid and post veraison where the colour and translucency change

signi cantly.

In a similar way, the grape varieties being inspected may require changes to techniques and
approaches. Most table grapes are grown for their large size, but grapes grown for wine often

favour smaller berries with strong avours.

Vine management is also a key consideration, di erent varieties of grapes are managed di erently
even though the same varieties may have di erent practices in di erent parts of the world. A
simple example is di ering levels of foliage cover maintained throughout the season. This directly
impacts the proportion of visible and occluded grape bunches. Alternatively, the type of trellis
used will impact the position of grapes within the vine and again may result in occlusions or

other complicating factors at play.

Finally, the seasonal nature of grape growing impacts the research windows available. Under-
standing the growth rate of grapes between fruit set and veraison allows the implementation of
precision viticulture practices such as variable rate application and bunch thinning [4, 6, 21].
Understanding the maturity and growth rates through veraison up to harvest helps with selective
harvesting practices [12]. Capturing datasets of grapes in the post veraison leads up to harvest

is a narrow window of time occurring once a year. Furthermore, once samples are taken there

15



Introduction

is a very small window of time that they can be analysed in the lab. Fortunately, post-veraison
grapes are very similar to table grapes (aside from their size), so in many cases, grapes available
at supermarkets are suitable analogs. Capturing data sets of vine buds or berries pre-veraison

presents a more di cult situation there is no suitable year-round analog that can be utilised.

In this study, we have captured data sets of grapes captured in eld conditions in the post
veraison stage up to three weeks before harvest. This was done due to the timing of the research,
we were ready to capture data in March 2020 just before harvest. Unfortunately, then COVID
hindered subsequent vineyard visits for later in the year. For the remainder of the studies, table
grapes were used as accurate proxies for the smaller wine grapes. No work was done on bud
or berries pre-veraison due to the inability to collect data sets. Therefore the scope of this
work focuses on berries post-veraison, both pre & and post-harvest. Wherever applicable, the
di erences between table and wine grapes sampled from the eld have been commented on. The
datasets collected of wine grapes in eld conditions during the windows available are extensive
and have not yet been fully explored in this work. We expect they will provide a solid foundation

for future work in this space.
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Introduction

Thesis Overview

Chapter 2

Chapter two addresses our rst research question by presenting an exploratory analysis of the
performance of a range of popular 3D cameras for the purpose of capturing spherical objects
in a controlled environment. The work compares di erent 3D camera technologies including
passive and active stereo, structured light, and time of ight. Previous camera performance
studies identi ed in literature have primarily focused on the accuracy and precision of correctly
capturing planer surfaces perpendicular to the camera’s view [97]. However, these do not present
an accurate analog for what performance may be expected when capturing spherical surfaces, as
is the case for grapes. In such a situation, accurate depth estimates are required over the entire
surface to correctly interpret the size and shape of the spherical object. Therefore, this work looks
to identify and measure the fundamental performance metrics required to accurately capture
spherical surfaces and lay the foundation for our understanding of the best-case performance of

each technology.
This work has the following contributions:

Comparison of projected depth errors with respect to the incidence angle. This
work presents the magnitude and distribution of depth errors with respect to the normal
angle of the surface that is being measured at each point. The more of the grape’s surface
curvature that can be accurately detected, the more information will be available to be
used in subsequent algorithms. Cameras with poor performance at high incidence angles
are likely to present surfaces with a larger apparent curvature than really exists. This
is especially vital for larger measurement distances or low-resolution cameras where the

point density is relatively low.

Comparison of projected depth errors with respect to the surface convergence.
Grape bunches are complex 3D objects that can be approximated by the dense packing
of 3D spheres. Therefore it is vital that 3D cameras are capable of accurately measuring

the converging surfaces between individual berries. This work presents a hew approach to
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measuring accuracy in these situations by computing a local convergence metric for each
point. We then present a comparison of the ideal versus measured convergence for each

camera at a range of distances.

Analysis of ying pixels. This work presents an analysis of erroneous points; points
incorrectly identi ed as belonging to the reference surface. These are often called ying
pixels as they manifest in regions of depth discontinuity such as on the edges of objects.
We present these in the form of a Hit to miss ratio to normalise for the pixel density of

each camera.

Chapter 3

The results presented in Chapter 2 provide con dence that 3D cameras have the capability to

capture the surface of spherical objects albeit with compromises depending on the technology

chosen. In Chapter 3, we address our second research question by extending this work to

bunches of grapes and a wider range of 3D cameras in both indoor controlled and outdoor

environments. We explore the impact of the translucent surface of grapes and highlight the

distortions present in the time of ight-based technologies due to subsurface scattering. We

then assess each technology’s merits for individual grape detection using a traditional sphere-

tting approach.

This work was published in a Q1 Open Access Journal, MDPI Sensors, and has the following

contributions:

The rst study to benchmark the performance of multiple RGB-D cameras for

use in grape yield estimation applications. This study is the rst to compare the
performance of multiple RGB-D cameras in grape yield estimation applications, including
ToF cameras that have not been previously used in such studies. The performance analy-
sis involved calculating error maps by comparing high-resolution scans obtained through
photogrammetry with those obtained through the RGB-D cameras. The evaluation also

considered the cameras’ performance under both direct sunlight and shaded conditions.

The rst study to analyse depth map errors in the RGB-D scans of grapes
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at an individual grape berry scale. The ability to distinguish individual grapes from
3D scans o ers valuable insights for estimating yield and crop load. This information
can help viticulturists assess metrics like the distribution of berry sizes and the number
of berries per bunch. Additionally, utilizing 3D modelling to analyze the architecture of

grape bunches holds the potential for more precise volume estimations.

The rst comparison of the ability for RGB-D cameras to detect individual

grape berries using Random Sample Consensus (RANSAC). RANSAC is a well-
understood method for tting objects to point clouds [70]. However, this study is the rst
to directly compare its performance across di erent low-cost 3D cameras that utilize a

range of di erent technologies.

The rst presentation of the distortion of grape berries in ToF and LIiDAR

scans. Time-of-Flight (ToF) and LIDAR 3D cameras measure distance by re ecting light

o the surface of objects. In this study, it has been observed for the rst time that
3D cameras using these technologies can result in distorted representations of the grape
surface when light enters the grape berries. The translucent properties of grapes mean
that diused scattering occurs within the berries, which causes distortion of the ToF
and LIDAR 3D camera results. Interestingly, the nature of the distortion appears to
vary depending on whether all pixels are measured simultaneously (ToF) or independently
(LiDAR). These distortion pro les suggest that they could be utilized as a potential means

of non-destructive testing to understand the characteristics of each grape berry.

Chapter 4

Chapter 3 highlighted for the rst time that subsurface scattering within the berries causes

distortions that manifest as peaks in time of ight based 3D scans of grapes. In Chapter 4, we
exploit these distortions to address our third research question and develop a mobile application
for grape identi cation and size estimation using 3D and RGB cameras present in a modern
consumer smartphone. Peaks identi ed in 3D scans captured of grape bunches in eld conditions

are compared to manual counts. We then utilise these peaks in captures of grape bunches in lab
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conditions to build an unsupervised YOLO v7 model capable of accurately identifying individual

berries within RGB images captured by a smartphone. By then nding corresponding peaks

in the depth image we demonstrate a unique approach to estimate berry sizes and generate 3D

reconstructions of the visible grape bunch.

This article has been published in a Q1 Open Access Journal, Computers and Electronics in

Agriculture, and has the following contributions:

The rst application of a built-in depth camera within a smartphone for grape

yield estimation.  This work presents the rst time a depth camera within a modern
smartphone has been used in eld conditions for objective grape yield estimation and
bunch analysis. Previous works have only made use of RGB cameras and typically require
structured environments with controlled backgrounds [43]. This approach presents the

state-of-the-art as 3D cameras in mobile phones start to become ubiquitous.

Novel technique to identify individual grape berries in the ToF depth maps us-

ing distortions caused by di used scattering. Expanding on our previous discovery

of peak-like distortions in ToF scans of grapes. We present a novel technique to identify
grapes using a simple peak detection approach coupled with intuitive spatial Itering tech-
niques. A precision of 89% was achieved in tests performed on unstructured eld images.
The results suggest that occluded berries on the edges of bunches are likely to be missed
when solely relying on detecting prominent peaks. Future work will explore methods of

detection that are more robust in these situations.

The rst unsupervised training of a YOLO model for detecting grape berries

using 3D-based labels.  Typically object detection models are trained on manually
labelled data. This can be a time-consuming process. In this work we exploit the grapes
detected in depth images to automatically build a YOLO V7 training set for corresponding
RGB images. We utilise an unsupervised autoencoder as a pre-label Iter to remove
obvious outliers and utilise depth thresholding to mask out the bunches in the RGB image
to substitute di erent backgrounds and build a model robust to real-world environments.

This technique produced a model with a precision of 97% when tested on images captured
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in uncontrolled & unstructured eld environments despite not being trained on any such
images. The highly automated nature of this approach means it can be easily extended to

di erent cultivars or even adapted to di erent crops with ease.

A novel modelling technique to estimate the size of berries in a bunch using

the measured 3D locations of the berries found using peak detection. A new 3d
grape bunch modelling technique is presented that estimates the size of berries in a bunch
using the measured 3D locations of the berries. Given an approximate starting size for all
berries in the bunch and each berry’s 3D peak, it is able to quickly and stably converge
on an estimate of each berry’s size. In empirical comparisons, this approach appears to
work well even in bunches with a signi cant variance in berry sizes. Initial size estimates
for each berry can be supplied to improve convergence speed but these are not needed and

hence this approach and be run independently of RGB-based size estimates.

Chapter 5

In Chapter 4, we presented an e ective approach to identifying and assessing grapes in eld
conditions for the purpose of objective yield estimation with a standard smartphone. In such a
situation, the user is able to manually ensure an unoccluded view of the grape bunch. However,
if we were to extend 3D scanning to an autonomous platform, this process would be di cult
to automate and a clear view of grapes is not guaranteed. Utilising 3D reconstructions of
what is visible presents interesting options for bunch reconstruction [98] or robotic active vision
techniques [92] but this will require further study. Chapter 5 address our fourth research question
and presents a novel alternative approach to the problem of occlusion through the use of an
ultrasonic phased array with beamforming techniques and probabilistic volume thresholding.
With this approach, we demonstrate the ability to see through foliage occlusions and identify
volumes of potential grape bunches. It is feasible to imagine such an approach being used in
conjunction with 3D cameras and active vision techniques to provide an e ective large-scale

automated yield estimation process that is robust to occlusions.

This work was published in a Q1 Open Access Journal, MDPI Sensors, and has the following
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contributions:

The rst work to have used an air-coupled ultrasonic phased array and coded
waveforms for the purpose of analysing vine canopies. Ultrasound ranging has
been used in the past for estimating vine canopies [56]. However, these are limited to
capturing a coarse estimation of the volume envelope of the foliage due to the large eld
of view and lack of selectivity of the transducers used. This work uses a phased array of
transducers and coded waveforms to drastically reduce the beamwidth of the ultrasound
signal and increase the selectivity to a level where individual leaves and other objects are
distinguishable. This is the rst time such a narrow beamwidth ultrasound array has been

used on vines and presents exciting potential for future work.

The rst study to investigate if it is possible to use ultrasound to image through

leaves, to detect fruit located behind leaves. Due to the narrow beamwidth of
the ultrasound array we present for the rst time the ability to distinguish depth between
multiple near- eld echos. We exploit this capability to identify objects that are visually
occluded by foliage and present a case where this can be used to identify occluded grape

bunches.

The rst work to di erentiate echoes that come from leaves through agitation.

Receiving multiple echos lets us build a comprehensive understanding of 3D volume of a
vine beyond just the envelope. However, di erentiating between surfaces is not possible
without further analysis. This work present a unique technique for di erentiating between
echos from light objects such as leaves and those more ridged such as grape bunches and
branches. This is achieved through non-destructive agitation of the foliage using moving
air and then analysing the variance in the measured 3D volumes. With this technique,
we show that 3D volumes relating to foliage can be removed from acoustic scans leaving

behind occluded grape bunches.

A novel technique for improving the resolution of array-based cross-correlation
for near- eld echoes.  This approach simulates the e ect of focusing the transmission

of the array at any desired depth in post-processing. This eliminates the need for the
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complex electronics required for focusing the array’s transmission to a desired scan depth
and means that multiple depths can be focused on with only a single transmission. This
technique is the rst step towards real-time detailed 3D volumetric scanning of vines and

has signi cant implications beyond just viticulture.

Chapter 6

Chapter 6 concludes the thesis by summarising the main contributions and suggests directions

for future work.

Appendix 1

Appendix 1 contains a conference paper published in the 2020 IEEE Sensors Applications Sym-
posium (SAS) which presents our work with an ultrasonic phased array to visualise vine foliage
and isolate grape bunches. It was extended into the article presented in Chapter 5 with the ad-
dition of novel beamforming distortion compensation that increased the achievable volumetric

resolution.

A Note on Structure

Chapter 2 is a draft of a paper that has not been published. It has been included on the basis
that we believe it to be novel work and has contributed signi cantly to the research journey of

this doctorate. Chapters 3, 4 & 5 are peer-reviewed journal articles that have been published in
Q1 Journals. Each chapter contains a self-contained literature review focused on that articles
contributions and speci ¢ area of research. As such, there is expected to be some repetition
in the introductions and conclusions. The order of chapters is not chronological according to
when corresponding work was performed but has been chosen to provide narrative structure. In
particular, Chapter 5 was published before Chapter 3 due to the availability of the ultrasonic

phased array.
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Chapter 2

Chapter 2

Analysis of 3D Cameras for Reconstructing Spherical

Clusters

This chapter presents a draft of a paper that has not yet been published. It has been included
on the basis that we believe it to be novel work and its inclusion provides context to our

understanding of 3D camera performance explored in later chapters.
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Chapter 2

Analysis of 3D Cameras for Reconstructing Spherical Clusters

Baden Parr, Mathew Legg, Fakhrul Alam

Department of Mechanical and Electrical Engineering, Massey University, Auckland, New Zealand

Abstract

Commercial, low-cost, 3D cameras that generate real-time 3D scans have potential for use in grape yield
estimation. However, their suitability for this task has not been thoroughly explored. Correctly capturing
the surface curvature concave details between neighbouring grapes details will be important for accurate
yield estimation. Traditionally, 3D cameras have been evaluated using at targets, such as walls or boxes,
and there is a lack of research evaluating their ability to accurately capture the detail of groups of spherical
objects. This paper investigates the performance of three dierent types of depth cameras to correctly
capture reference spherical objects and presents the accuracy of each with respect to surface normals and
camera perspective. Furthermore, their ability to reconstruct concave details present between neighbouring
spheres and the impact of distance on accuracy is evaluated. The results indicate that the Microsoft Kinect
V2 time of ight based camera is the most suitable, with average projected errors of less than 2mm across
all incidence angles up to 1 meter.

Keywords: grape yield estimation, 3D camera, 3D camera performance, Kinect, Intel D415

1. Introduction

In recent years, low-cost real-time 3D cameras have been introduced to the market. Several recent studies
have indicated that these may be suitable for use in vineyards. Marinello et al. demonstrated the use of a
rst generation Microsoft Kinect for the volumetric assessment of vine canopies [1, 2] and Gao also used it to
analyse vine structure for the purpose of automated pruning [3]. However, some researchers have speculated
that 3D cameras are not currently able to provide enough precision for accurate grape cluster analysis [4].

There are many reported studies that have evaluated the accuracy of 3D cameras [5, 6, 7, 8, 9, 10, 11].
However, these generally use solid at objects as targets, e.g. walls or boxes. Additionally, there is often a
focus on distance accuracy [12] and characterisation of the various sources of noise that a ect 3D cameras [13,

14, 15]. The working group, VDI/VDE-GMA, proposed guidelines for assessing the performance of optical

Corresponding author
Email addresses: 1badenparr@gmail.com (Baden Parr), M.Legg@massey.ac.nz(Mathew Legg), F.Alam@massey.ac.nz
(Fakhrul Alam)
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Table 1: A summary of the 3D camera technologies that have been analysed in this study.

Technology Approach Comment

Structured Light Distortion of a known pattern Requires projecting a pattern of light into a scene, more robust
than other methods but is impacted by natural light.
Passive Stereo Disparity between image pairs Disparity can be dicult to nd in regions with low contrast.
Works well in direct sunlight but adding more than 2 cameras

increases processing exponentially.

Active Stereo Disparity between image pairs assisted by  Utilises a combination of structured light and traditional stereo
projected light to assist in regions with low contrast.
Time of Flight Time taken for light to return Requires precise timing, accuracy can be impacted by temper-

ature as well as the spectral properties of the object of interest.

Table 2: A summary of the 3D cameras that have been analysed in this study.

Camera Technology Field of View (h x v) Pixel Resolution
Microsoft Kinect V1 Structured Light 58.5 x 46.6 640 x 480 pixel
Microsoft Kinect V2 Time-of-Flight 70.6 x 60 512 x 424 pixels
Intel RealSense D415 Active/Passive Stereo 69.4 x 42,5 1280 x 720 pixels

3D measuring systems [16]; a procedure that has since been employed for the analysis of popular commercial
3D cameras [17]. This standard focuses on absolute accuracy and \error of length" measurements. There is a
need for further work to investigate if commercial 3D cameras are suitable for grape yield estimation. Grape
yield estimation poses unique challenges for 3D cameras due to the grape's size and cluster complexity. For
this application, a key requirement is that individual grapes are able to be identi ed, slight errors in the
exact distance of the grape from the camera is of less importance. To detect a small spherical object such as
a grape, a 3D camera must be able to resolve the slight di erences in distance between neighbouring points
that describe the objects curvature. This requires that the resolution and accuracy of the scan must be
enough so that individual grapes are identi able. Additionally, grapes are approximately spherical and grow
in dense clusters. It is important to be able to identify the convex regions between neighbouring grapes.

This paper investigates the performance of three di erent 3D cameras: the rst generation Microsoft
Kinect structured light 3D camera (V1), the second generation Microsoft Kinect Time of Flight (ToF) 3D
camera (V2), and the Intel RealSense D415 active/passive stereo 3D camera. These are operated using four
common 3D camera technologies: structured light, ToF, stereo, and a hybrid of structured light and stereo,
refer to Table 1. Table 2 provides key properties of the three 3D cameras used in this study.

The focus of this work is determining the accuracy of these cameras for the application of grape yield
estimation. This is achieved by using small spherical proxies as reference targets, both singularly and

arranged small clusters. These are used to benchmark each camera's performance across several parameters
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deemed vital for accurate identi cation of grape berries. The results from this study will also be relevant

to many other applications where scans of ne detail 3D objects are required. In Section 2, the camera’s
expected performance for imaging grapes due to properties such as eld of view and resolution are discussed.
Section 3 then describes the methodology used to capture and process the data. Experimental results showing
the performance of the cameras for a single sphere and multiple spheres are then presented respectively in

Sections 4 and 5. Finally a discussion and conclusion are provided in Section 6.

2. Pertinent 3D Camera Parameters

The properties of 3D cameras such as resolution, eld of view, and operational distance have signi cant
impact on the performance of 3D cameras. This section takes a theoretical look at how these parameters
e ect the number of depth pixels that can be used to image an object and the potential sources of error in

the resulting depth map.

2.1. Pixel density

The ability of a 3D camera to capture the shape of a grape accurately will be related to the number
of depth pixels that fall across its surface. This will depend on the 3D camera's resolution, eld of view,
and distance from the object's surface, (please see Figure 1). The number of pixd, that may be used to

image an object with a visible areaA can be expressed as

Pn = Py(z) A )

where Pq4(2) is the pixel density (number of depth pixels per square mm) at a distancez from an object.
If we approximate the visible area of a grape as a circle with a radius, then the number of pixels that will

resolve the grape's surface can be computed as

Figure 1: Diagram illustrating how the number of depth pixels used to image an object changes with imaging range. This can

be express as a distance dependant spatial pixel density.
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P, = Pg(2) r % 2)

The pixel density can be calculated using

R« Ry
x(2) x(2)

where Ry and Ry are the 3D camera’'s horizontal and vertical pixel resolutions and ,(z) and (z) are

Pa(2) =

®3)

respectively the spatial horizontal and vertical eld of view (in mm) at given distance. These elds of view

may be calculated using

x(z) =2tan

y(z) =2tan z (4)

NI< NI T

where h and v are respectively the camera's angular horizontal and vertical eld of view in degrees.
Values for each camera's angular eld of view and resolution are given in Table 2.

The pixel densities of the cameras used in this study have been computed for distances up to 1.5 m and
are shown in Table 3. These can be used to estimate the number of pixels that could be used to image a
grape of a particular size at a given distance. For example, a 20 mm diameter grape positioned a meter
from the Intel D415 3D camera would resolve it with roughly 270 depth pixels. In comparison, the Kinect
V1 and V2 at the same distance will see it with roughly 100 depth pixels and 40 depth pixels respectively.
If the grapes are too far from the sensor, there is a strong likelihood that there will not be enough pixels
to successfully describe its surface. In addition to the number of depth pixels that can be used to image
an object, the accuracy of these depth pixels is also important. Noise characteristics of the di erent 3D

cameras are factors that needs to be considered.

2.2. Depth Quantisation Error

Depth quantisation is one of the potential sources of error for 3D cameras. The depth values generated
by a 3D camera will be quantised into discrete depth distances. This is illustrated in Figure 2. This depth
quantisation is roughly linear with distance for many cameras such as the Microsoft Kinect V2, which uses
time of ight technique. However, for 3D cameras that rely on triangulation to determine per pixel depth
values, the depth resolution is proportional to the pixel density at a certain depth. This results in the
non-linear quantization of depth values within a scene. For the structured light based Microsoft Kinect V1,
this non-linearity has a substantial impact within the expected working range of a grape yield estimation

system. The relationship between the pixel disparity p and the measured depth distancez is given as

35



Chapter 2

Table 3: The point density of the analysed cameras against increasing depths.

Pixel Density ( pixels=mm?)

Distance (mm)

Microsoft Kinect V1

Microsoft Kinect V2

Intel RealSense D415

500
600
700
800
900
1000
1100
1200
1300
1400
1500

1.27
0.88
0.65
0.50
0.39
0.32
0.26
0.22
0.19
0.16
0.14

0.53
0.37
0.27
0.21
0.16
0.13
0.11
0.09
0.08
0.07
0.06

3.42
2.38
1.75
1.34
1.06
0.86
0.71
0.59
0.51
0.44
0.38

No Quantisation

Figure 2: Graphical diagram demonstrating the e ect of depth quantisation on a spherical surface.
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wheref is the focal length (in pixels) and b is the optical base line (in mm) between the light projector

and the IR camera. For the Kinect V1, these values are 580 pixels and 75 mm respectively. To increase

depth resolution, cameras will typically calculate a sub-pixel disparity and utilise a disparity o set to shift

the available bit depth towards more usable depths ranges.

The Kinect V1 is able to identify disparity with a sub-pixel rate of 8. To correct for this, the disparity

must also be scaled by 1/8 to calculate the distance. The complete relationship for the Kinect V1 is therefore

given by

fb

Z=

1=8 (Poftset

p)

(6)

where poiset IS the o set value unigue to every camera but will be around 1090 pixels [18]. With this
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information, the quantisation of depth can be established as the change in depth distance z per integer
change in pixel disparity p. i.e. what is the change in depth distance between pand p+ 1. This can

be calculated by taking the derivative of (6) with respect to p giving

_ 8 b )
pgff + p? 2 Port P+ Pof p’
The result is a polynomial relationship between the disparity p and its equivalent depth quantisation

z

()

z. For a typical Kinect V1, this will result in a depth quantisation of roughly 0.7 mm at a range of 0.5 m
increasing to around 6.5 mm at 1.5 m. For a grape that is approximately spherical with a diameter of 20
mm, this equates to roughly 14 depth values to describe the visible surface when 0.5 m from the camera.
Furthermore, at a distance of 1.5 m, the same grape will only be resolved by a single depth value making it
impossible to determine surface curvature.

Although the Intel D415 uses stereo disparity, it has reduced the impact of depth quantisation errors
though improvements in sub pixel disparity matching algorithms, increased sensor resolution, and dynamic
o set adjustment [19]. The Kinect V2 uses time of ight and does not have this same quantisation error issue.
Our measurements with the Kinect V2 indicated that its quantisation error was approximately constant at

1 mm for all distances measured.

2.3. Other Noise

There are a number of other types of noise that can be present on 3D camera data. These include
noise related to ying pixels, surface incident angle, and the transparency of the surface being imaged.
However, these are more di cult to quantify numerically. Experimental measurements are therefore needed

to investigate how these will a ect the performance of these 3D cameras for imaging grapes.

3. Experimental Methodology

3.1. CNC Measurement Platform

A two axis CNC gantry was utilised to accurately and reliably position the 3D cameras as shown in Figure
3. Custom camera mounts were designed to ensure the optical centres of each camera were positioned in
the same relative position when mounted to the CNC. The gantry features an absolute accuracy of 0.01
mm and a moveable area of 1.5 m 1.5 m. Measurements were conducted sequentially and with the same

lighting across all cameras.

3.2. Reference Sphere

To approximate the surface curvature of a grape, a spherical reference object was chosen to evaluate the

performance of each 3D camera. A painted table tennis ball (40 mm diameter) was used for this purpose,
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Figure 3: Experimental set-up showing a 3D camera (Kinect V2) mounted to a computer controlled measurement platform

positioned in front of the reference sphere.

(please see Figure 3). Although this is much larger than a grape, it was decided that the larger size would
reduce the potential e ect of depth quantisation noise and hence better allow the accuracy of the cameras
for imaging curved surfaces to be evaluated. To be a more accurate proxy of a real grape, it was desirable
for the reference sphere to exhibit similar surface characteristics. To achieve this, both the colour and the
re ectivity were taken into account. The colour of ripe green table grapes was matched with assistance
from a professional painter. The re ectivity of the reference was also matched as several of the 3D camera
technologies have the potential to be aected by spectral highlights. This was achieved by comparing
re ectance pro les of various sheens of paint with that of grapes in controlled lighting conditions. However,

it should be noted that the grapes are likely to also have some translucent properties while the reference

sphere is opaque.

3.3. Measurement Procedure

Each camera was aligned so that the reference sphere was centrally located within the frame to reduce
adverse e ects resulting from any optical distortion from the lens. Each scan was captured against a black
background to make segmenting the point cloud easier. All cameras were con gured to default settings
to assess their performance without adjusting parameters to optimise results for our given environment.
Point clouds from the Kinect V1, Kinect V2, and Intel D415 were captured using KScan3D v1.2, MATLAB
R2018a, and the Intel RealSense Viewer v2.24.0 respectively. The Intel D415 performed the role of two
technologies, active and passive stereo. This was achieved by disabling the projector for the passive stereo
tests.

Each 3D camera technology was used to capture point clouds at 0.1 m incremental distances between

0.5 m and 1.5 m away from the centre of the reference sphere. At each distance, 20 frames were taken to
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Figure 4: Overview of the process used to analyse each 3D camera's performance against the single sphere reference.

Figure 5: Raw point clouds from the Kinect V1 (left) and Kinect V2 (right) after alignment with the virtual reference sphere.

explore the statistical variation at that range. This distance range was chosen as it re ects the expected
operating conditions if these cameras were to be used in a vineyard environment and is within the operating
range of each camera. Assuming the cameras are mounted to farm equipment that traverses the rows, it

would be di cult to position them outside of this range.

3.4. Post-processing of Point Clouds

The point cloud for each frame was processed using the method outlined in Figure 4. Point clouds were
segmented and Itered by colour to isolate the points belonging to the reference sphere. It was found that
a simple green channel threshold worked the best for this as it had a very distinct bimodal distribution.
However, as the RGB sensor in each 3D camera had di erent colour accuracies, this threshold needed to be
adjusted for each device. A threshold value of 40 was used for the Kinect V1, 150 for the Kinect V2, and
100 for the Intel D415. Points over this threshold were treated with high con dence as belonging to the
reference sphere. After the scans had undergone colour thresholding, the remaining points are aligned to a
digital reference sphere (or group of spheres) using an lIterative Closest Point (ICP) algorithm [20], (please

see Figure 5).
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Figure 6: Graphical diagram showing the principle used to calculate the error and incidence angle with respect to a reference

surface. In addition, red lines represent projections that have missed the reference, while orange lines represent hits.

Figure 7: Plots illustrating the processing steps used to calculate the distance error and ying pixels for a 3D capture from the
Kinect V1 at 0.6 m. Plot (a) shows the aligned point cloud, (b) the points where the rays projected from the camera through

the depth points intersect the reference sphere, and (c) the classi ed points that hit (yellow) or missed the reference (red).

3.4.1. Calculation of Distance Error

Once the point clouds have been aligned with the virtual reference sphere, the error for each point can
be calculated between the captured point cloud and reference surface. This could have been achieved by
calculating the distance from the measured point to the closest point on the reference surface as is often
done in literature [5]. However, this naively produces lower errors in areas where the camera ray hits the
surface at a high incidence angle. Instead, distance errors were calculated using a ray that was projected
from the camera location through the measured point. If the ray hit the reference sphere, the distance error
was then obtained by measuring the distance along the ray from the measured point to the surface of the

reference sphere, (please see Figures 6 and 7).

3.4.2. Calculation of Incident Angle

The incidence angle was obtained for each measured point that had a ray that intersected with the
reference sphere. At each of these locations, the surface normal was calculated by normalising the vector
from the centre of the reference sphere to the point of intersection. The incidence angleg for each point is

then calculated using the dot product of the two vectors as
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i=cos ' R § (8)

where R, is the normalised camera ray vector for thei point, and S is the normalised surface normal

at the point where R, intersects the reference surface.

4. Single Sphere Results

4.1. Average Error vs Distance

Absolute errors were calculated for every point using the projection method discussed previously. Ex-
ample point clouds with distance errors for each camera are shown in Figure 8. Each of the 20 point clouds
were processed independently and the results used to estimate temporal statistics for a given measurement
distance. This is a useful indication of the repeatability of the measurements of each camera. The average
distance errors are presented in the box plot shown in Figure 9.

The Kinect V2 time of ight camera shows relatively uniform average errors over all tested distances with
average errors constantly less than 2 mm up a distance of 1 m. Past 1 m, its performance and repeatability
begins to decrease. Interestingly, both the structured light Kinect V1 and the active stereo Intel D415,
performed almost identically. The average errors for both steadily increases with measurement distance
from close to 2 mm up to around 5 mm. Passive stereo featured the worst performance in comparison to the
other technologies. At close range, the average error was close to 3 mm, increasing slightly to an average of
6 mm at the furthest distance. It is also worth noting the signi cant levels of variance between consecutive

scans observed at these distances.

4.2. Erroneous Points

The number of ying pixels can be estimated by using the projection method described above. Points
close to the reference surface that that had projected rays from the camera through the depth pixel missing
the reference sphere were assumed to be \ ying pixels" surrounding the object of interest, (please see Figures
6 and 7). Taking the ratio of hit to miss points normalises for the unique point density of each camera so
each camera can be directly compared. The results can be seen as bar charts in Figure 10. The charts show
the ratio distribution of 20 frames captured at each distance. Signi cant insight can be drawn from these
results. Firstly, the Kinect V2 at close range has a considerable proportion of missed points. At a distance
of 0.5 m, the number of missed points is greater than the number of hit points indicating signi cant levels
of ying pixels surrounding the reference sphere.

In addition to the hit and miss ratio, the distribution of missed points is also a key indicator of perfor-
mance. Missed points that are close to the object of interest are likely going to have a di erent impact on

subsequent point cloud processing compared to those that more wide spread. To analyse this, the distance
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Figure 8: Example point clouds from each of the four 3D camera technologies captured at a distance of 0.6 m: (a) the Kinect
V1, (b) Kinect V2, (c) Intel D415 active stereo, and (d) Intel D415 passive stereo. Points have been coloured according to their

projected error metric.

Figure 9: Box and whisker plots of the average errors at each measurement distance for the four tested 3D camera technologies.
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Figure 10: Box and whisker plots of the hit verses miss ratios at each measurement distance for the four tested 3D camera

technologies.

from each missed point to the surface of the reference sphere can be calculated. For each camera, the dis-
tribution was evaluated at three primary distances, 0.5 m, 1.0 m, and 1.5 m. The results are presented as
Cumulative Distribution Functions (CDF) in Figure 11.

The CDF for Kinect V2 shows that the distribution of missed points gets closer to the surface as the
distance between the camera and the sphere increases. This is potentially an artefact of the cameras
geometry since less of the reference sphere is seen as illuminated by the ToF projector the closer the object
is to the sensor. However, the opposite is observed for the Kinect V1 where the performance gets worse
with increased distance. The Intel D415 in active mode also follows this trend, albeit relatively loosely. The

poor performance for D415 in passive mode can be clearly observed for all three distances.

4.3. In uence of Incidence Angle

The orientation of the surface relative to the camera for each pixel can be used to analyse the relationship
between surface angle and potential error distance. This is an important performance factor for the detection
of small spherical objects such as grapes. The more grape surface curvature that can be accurately detected,
the more information will be available to be used in subsequent algorithms. This is especially vital for larger
measurement distances or low resolution cameras where the point density is relatively low.

The incidence angle was calculated for all points that hit the surface of the virtual reference when
projected. This was repeated for all 20 captures taken at each distance. Figure 12 shows the resulting
scatter plot of the incidence angle vs error distance for the Kinect V1 and Kinect V2 depth cameras at a
measurement distance of 0.6 m. Clear distinctions can be made from these results. The Kinect V2 has a
relativity uniform error distribution across all incidence angles with the majority of errors falling below 2

mm. In contrast, the Kinect V1 has the smallest errors near zero degrees and is relativity uniform until 60
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Figure 11: CDF for the distance of missed points from the surface of the reference sphere for each tested 3D technology at

three measurement distances. The X-axis has been made uniform for ease of comparison.

Figure 12: Distance error as a function of incidence angle.
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Figure 13: Heat maps showing the distribution of mean errors with respect to camera-surface incidence angles for the tested

cameras of a single 40 mm sphere.

degrees where it rapidly degrades.

To visualise the data across all measurement distances, the errors from each scan were collated into
discrete bins ve degrees wide. The mean for all errors in each bin were computed and the result displayed
as a heat map of the incidence angle verses measurement distance where the mean error is mapped to the
colour. The results are shown in Figure 13. This visualisation again shows the uniformity of the Kinect
V2's angular performance up to 1 m, beyond which it starts to degrade slightly. Both the Kinect V1 and

Intel D415 cameras show poorer performance, particularly the D415 when operated in passive stereo mode.

5. Surface Analysis of Groups of Spheres

Individual grapes can be adequately approximated by spheres. However, grape clusters are complex
structures that feature signi cant concave regions between neighbouring grapes. These can be challenging
for 3D cameras to adequately capture. The sharpness of these features could be lost due to internal 3D
camera ltering algorithms that try to reduce noise. To assess the ability of 3D cameras to capture these
regions, measurements were conducted using a tight grouping of three spheres.

A group of three spheres were created using the surface nish discussed in Section 3.2. Point clouds were
captured by each camera at distances between 0.5 m and 1.5 m in steps of 0.1 m. At each distance, 20 point

clouds were captured from each camera for further statistical evaluation. After capture, each point cloud
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Figure 14: Processed point clouds coloured according to each points convergence metric. The top point cloud shows the raw
capture from the Kinect V2 at a distance of 0.6 m. The bottom plot shows the projected locations of these points on the

reference spheres, which corresponds to the ideal (no noise) case.

underwent colour thresholding and subsequent ICP alignment to a virtual reference of the sphere group.
Errors for each point cloud are computed as before using the camera projection method shown in Figure 6.

A concave region in the point cloud can be expected where two or more spheres touch. To identify these
regions, a convergence metric was calculated for each point as the average angle between the point's normal
and the vectors to its k nearest neighbouring points. For a group ofk neighbours around a selected point
X\,, the convergence value is calculated as

=L "X, §,—

[n] = 9)

where 4 is the normal vector of the n!" point, and & is the coordinate of thei" neighbour. This process
results in a convergence value between negative and positive one for each point in the point cloud. Negative
values correspond to points in convex regions and positive values correspond to concave regions. As most of
the visible regions are convex, the resulting distributions are heavily weighted to values less than zero, see
Figure 14.

After projection, a convergence analysis was performed on the raw point values in addition to the
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Figure 15: Scatter plots of the ideal and measured convergence values for point clouds captured by the Kinect V1 (left) and

Kinect V2 (right) at a distance of 1.5 m. R-values of 0.63 and 0.90 were achieved respectively.

projected point locations on the reference spheres. These projected locations represent where the point
would be if the 3D camera had no error. This is done to establish what the true convergence value should
be for each point vs what is actually presented by the camera. In this way, a normalised comparison can be

achieved between each camera that is independent of the pixel density.

5.1. Results

An example of the convergence analysis performed for the Kinect V2 is shown in Figure 14. The top
point cloud shows the raw points coloured based on their convergence metric. The second shows the same
process applied to ideal projected points lying on the surface of the reference spheres. Positive values, shown
in yellow, are mapped to concave regions between the spheres, while dark blue negative values make up the
majority of rest of the surface. It can be seen that the convergence distributions between both raw and
projected point clouds are very similar. This is due to the ability of the Kinect V2 to capture surface features
accurately.

The relationship between each of these distributions can be further explored by means of simple linear
regression. Figure 15 shows scatter plots for point clouds taken by the Kinect V1 and the Kinect V2 at a
distance of 1.5 m. As can be seen from the graphs, the Kinect V2 shows a strong relationship between the
ideal convergence of the projected points vs that of the raw point cloud achieving a correlation coe cient R-
value of 0.9. In comparison, the Kinect V1 struggles to remain consistent with the ideal values as con rmed
by its low R-value of 0.63.

The correlation coe cient was computed in this way for each point cloud captured. At each distance,
the average R-value was calculated from the 20 corresponding frames. The results can be seen in Figure
16. The Kinect V2 gave the best performance retaining R-values above 0.9 for the entire measurement
range. The Kinect V1 and D415 used in active mode performed comparably but the performance dropped
in comparison as the range increased. The D415 in passive stereo mode again performed very poorly for all

distances.
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Figure 16: R-Values computed for all four cameras at each tested depth between 0.5 m and 1.5 m.

6. Discussion and Conclusion

For grape yield estimation, 3D cameras must be able to describe the spherical surface of grapes accurately
enough to identify the size and position of individual berries within a cluster. To achieve this, it is crucial
for 3D cameras to precisely describe the entire visible surface of a grape at all incidence angles. In addition,
clear distinction between neighbouring grapes within a point cloud is necessary. Accurate representation of
concave regions between grapes is vital for this purpose. This study has looked at four traditional 3D camera
technologies as provided by three consumer 3D cameras frequently used within literature. Of the cameras
and technologies tested, the Microsoft Kinect V2 ToF camera was found to be signi cantly better than the
alternative technologies in many of the tests. Up to distances of 1 m, the Kinect V2 was able to describe
the surface of the reference across all incidence angles with an average projected error of less than 2 mm.
In contrast, the structured light and stereo cameras struggled to accurately assess incidence angles past 60
degrees. Additionally, the Kinect V2 demonstrated an excellent ability to capture concave regions between
groups of spheres. Compared to the ideal convergence assessment, the Kinect V2 was able to achieve R
values in excess of 0.9 across all measurement distances. With regards to spurious ying pixels, the Kinect
V2 demonstrated poor performance at close range but improved signi cantly as distance increased. However,
due to the nature of how the ToF camera captures these points, it is expected that they can be ltered in
a post processing stage by looking at the per point variance across consecutive frames.

One of the biggest limitations of the Kinect V2 appears to be its pixel density. For an approximately
spherical grape, 10 mm in diameter, it will be resolved by roughly 10 pixels at a distance of 1 m. This can
be compared to the Kinect V1 and Intel D415 which will resolve the same object with 25 pixels and 67
pixels respectively. However, despite this, it is worth considering that the ability to trust a limited number
of pixels is more valuable than having more pixels that cannot be trusted at all. Continuing with the same

example, the Kinect V2, Kinect V1, and D415 in active mode achieved average distance errors of 1.6 mm,

48



Chapter 2

3.7 mm, and 4.4 mm respectively. For a 10 mm diameter grape, distance errors that are nearly half its
radius will make determining its true surface curvature very dicult. The results from this study have
clearly highlighted that the time of ight 3D camera technology shows the most promise as a tool for grape
yield estimation.

This study made extensive use of a 40 mm reference sphere which is considerably larger than a typical
vine grape. Realistically, mature grapes range in size from 10 to 20 mm in diameter. It is expected that the
results presented in this paper for the larger reference will be directly comparable to the realistically sized
grapes by utilising known pixel densities and eld of views of the tested cameras, (please see Table 3). How
closely the predicted performance agrees with that of real grape clusters will be the focus of future study.
In addition, future work will explore the ability to detect real grapes within scans from 3D cameras using
novel and existing algorithms. The accuracy of measurements of berry size distributions and grape bunch

weight will then be investigated.

References

[1] F. Marinello, A. Pezzuolo, D. Cillis, L. Sartori, Kinect 3D reconstruction for quanti cation of grape bunches volume and
mass, Engineering for Rural Development 15 (2016) 876{881.

[2] F. Marinello, A. Pezzuolo, F. Meggio, J. Martnez-Casasnovas, T. Yezekyan, L. Sartori, Application of the kinect sensor
for three dimensional characterization of vine canopy, Advances in Animal Biosciences 8 (2) (2017) 525{529.

[3] D. Gao, ldenti cation and location derivation of grapevine features through point clouds, Master's thesis, University of
Adelaide (2014).

[4] F. Scheler, V. Steinhage, Automated 3D reconstruction of grape cluster architecture from sensor data for e cient pheno-
typing, Computers and Electronics in Agriculture 114 (2015) 163{177.

[5] Y.W. Kuan, N. O. Ee, L. S. Wei, Comparative study of Intel R200, Kinect v2, and Primesense RGB-D sensors performance
outdoors, IEEE Sensors Journal 19 (19) (2019) 8741{8750.

[6] H. Sarbolandi, D. Le och, A. Kolb, Kinect range sensing: Structured-light versus time-of- ight Kinect, Computer Vision
and Image Understanding 139 (2015) 1{20.

[7] K. Khoshelham, Accuracy analysis of Kinect depth data, in: ISPRS Workshop Laser Scanning, Vol. 38, 2011, p. W12.

[8] N. M. DiFilippo, M. K. Jouaneh, Characterization of di erent Microsoft Kinect sensor models, IEEE Sensors Journal
15 (8) (2015) 4554{4564.

[9] L. Yang, L. Zhang, H. Dong, A. Alelaiwi, A. El Saddik, Evaluating and improving the depth accuracy of Kinect for
Windows v2, |IEEE Sensors Journal 15 (8) (2015) 4275{4285.

[10] E. Lachat, H. Macher, T. Landes, P. Grussenmeyer, Assessment and calibration of a RGB-D camera (Kinect v2 sensor)
towards a potential use for close-range 3D modeling, Remote Sensing 7 (10) (2015) 13070{13097.

[11] S. Zennaro, M. Munaro, S. Milani, P. Zanuttigh, A. Bernardi, S. Ghidoni, E. Menegatti, Performance evaluation of the
1st and 2nd generation Kinect for multimedia applications, in: Multimedia and Expo (ICME), 2015 IEEE International
Conference on, IEEE, 2015, pp. 1{6.

[12] M. G. Diaz, F. Tombari, P. Rodriguez-Gonzalvez, D. Gonzalez-Aguilera, Analysis and evaluation between the rst and
the second generation of RGB-D sensors, IEEE Sensors journal 15 (11) (2015) 6507{6516.

[13] M. Carfagni, R. Furferi, L. Governi, M. Servi, F. Uccheddu, Y. Volpe, On the performance of the Intel SR300 depth
camera: metrological and critical characterization, IEEE Sensors Journal 17 (14) (2017) 4508{4519.

49



Chapter 2

(14]

(15]

(16]

(17]

(18]
(29]

(20]

T. Mallick, P. P. Das, A. K. Majumdar, Characterizations of noise in Kinect depth images: A review, IEEE Sensors
journal 14 (6) (2014) 1731{1740.

I.-S. Kweon, J. Jung, J. Y. Lee, Noise aware depth denoising for a time-of- ight camera, in: 20th Korea-Japan Joint
Workshop on Frontiers of Computer Vision, Asian Federation of Computer Vision (AFCV), 2014.

T. Luhmann, K. Wendt, Recommendations for an acceptance and veri cation test of optical 3-D measurement systems,
International Archives of Photogrammetry and Remote Sensing 33 (B5/2; PART 5) (2000) 493{500.

J. Boehm, Accuracy investigation for structured-light based consumer 3D sensors, Photogrammetrie-Fernerkundung-
Geoinformation 2014 (2) (2014) 117{127.

K. Konolige, P. Mihelich. Technical description of Kinect calibration [online].

M. Carfagni, R. Furferi, L. Governi, C. Santarelli, M. Servi, F. Uccheddu, Y. Volpe, Metrological and critical characteri-
zation of the Intel D415 stereo depth camera, Sensors 19 (3) (2019) 489.

A. Myronenko, X. Song, Point set registration: Coherent point drift, IEEE transactions on pattern analysis and machine
intelligence 32 (12) (2010) 2262{2275.

50



Chapter 3

Chapter 3

Analysis of Depth Cameras for Proximal Sensing of

Grapes

This chapter is republished in accordance with MDPI's copyright policy. The work presented
here is the accepted version of the published article. Therefore, the contents are the same but

there may be stylistic di erences to the published article.

MDPI (2022). B. Parr, M. Legg, F. Alam. Analysis of depth cameras for proximal sensing
of grapes. Sensors (2022) 22(11), 4179. doi.org/10.3390/s22114179

51


https://doi.org/10.3390/s22114179

2023. This manuscript version is made available under the
CC-BY-NC-ND 4.0 license https://creativecommons.org/licenses/by-nc-nd/4.0/ Chapter 3

Analysis of Depth Cameras for Proximal Sensing of Grapes
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Abstract

This work investigates the performance of ve depth cameras in relation to their potential for grape yield
estimation. The technologies used by these cameras include structured light (Kinect V1), active infrared
stereoscopy (RealSense D415), time of ight (Kinect V2 and Kinect Azure), and LIiDAR (Intel L515). To
evaluate their suitability for grape yield estimation, a range of factors were investigated including their
performance in and out of direct sunlight, their ability to accurately measure the shape of the grapes, and
their potential to facilitate counting and sizing of individual berries. The depth cameras' performance was
benchmarked using high-resolution photogrammetry scans. All the cameras except the Kinect V1 were
able to operate in direct sunlight. Indoors, the RealSense D415 camera provided the most accurate depth
scans of grape bunches, with a 2 mm average depth error relative to photogrammetric scans. However, its
performance was reduced in direct sunlight. The time of ight and LIDAR cameras provided depth scans of
grapes that had about an 8 mm depth bias. Furthermore, the individual berries manifested in the scans as
pointed shape distortions. This led to an underestimation of berry sizes when applying the RANSAC sphere
tting but may help with the detection of individual berries with more advanced algorithms. Applying an
opaque coating to the surface of the grapes reduced the observed distance bias and shape distortion. This
indicated that these are likely caused by the cameras' transmitted light experiencing di used scattering
within the grapes. More work is needed to investigate if this distortion can be used for enhanced measurement
of grape properties such as ripeness and berry size.

Keywords: grapes, yield estimation, depth cameras, RGB-D

1. Introduction

Accurate and timely yield estimation can have a signi cant e ect on the pro tability of vineyards.
Among other reasons, this can be due to better management of vineyard logistics, precise application of

vine inputs, and the delineation of grape quality at harvest to optimise returns. Traditionally, the process of
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yield estimation is conducted manually. However, this is destructive, labour-intensive and time-consuming
leading to low sampling rates and subjective estimations [1]. Automating yield estimation is therefore the
focus of ongoing research in the computer vision eld [2].

Current 2D camera techniques predominantly rely on distinct features of grapes, such as colour or texture,
to identify and count individual berries within RGB (Red, Green, and Blue) images [3, 4]. However, the
accuracy of yield estimations from these approaches is greatly restricted by the proportion of grapes visible
to the camera. Hence, occlusion of grapes is an issue. Additionally, errors in the sizing of grapes can occur
unless the distance between the camera and the grapes is known.

An alternative technique, which has been reported to provide improved yield accuracy, has been to incor-
porate 3D information. Grape bunch 3D architectonic modelling has been performed from high-resolution
3D scans of grape bunches within lab environments. These have been achieved using commercial laser scan-
ners [5, 6] and blue LED structured light scanners [7, 8, 9, 10]. These scans can be used to estimate volume,
mass, and number of berries per bunch. However, these 3D scanners are costly, require signi cant time to
capture viable point clouds, and their use is yet to be demonstrated within eld environments.

High-resolution 3D scans of grapes and vines have also been achieved using multiple RGB images captured
from di erent positions using structure from motion photogrammetry techniques [11, 12, 13]. This method
can be used with inexpensive equipment [14] and data collection can be automated by mounting cameras
on platforms such as robots or drones [15]. However, generating photogrammetry scans requires signi cant
computation load and time. Rose et al. [12] quoted 8 hours to generate a point cloud for one 25 m length
of vine.

An alternative approach that has been investigated is to identify within an RGB image the location and
size of individual berries within a bunch and use this information to model the 3D grape bunch architecture
using spheres or ellipsoid shapes. Liu etal. [16, 17, 18, 19] used a backing board behind the grape bunch when
capturing the RGB images to aid with the segmentation of individual berries. Berry size was estimated by
placing a chequerboard pattern on the board. This allowed the distance between the camera and the backing
board to be measured using camera calibration techniques. However, this requirement for a backing board
means it can only be used for handheld applications. Ivorra et al. demonstrated/developed a novel technique
that utilised a stereoscopic RGB-D (Red, Green, Blue|Depth) camera to obtain berry size without having
to use a chequerboard pattern. They combined the depth information with 2D image analysis to achieve
3D modelling of the grape bunches.

The potential real-time bene ts of RGB-D cameras for grape yield estimation have encouraged researchers
to investigate their use for grape yield estimation. A range of low-cost RGB-D cameras that can generate
3D scans in real-time has become available on the market in recent years. This has been driven by their
use in a wide range of applications including gaming, robotics, and agriculture. The main technologies

used are stereoscopy, Active Infrared Stereoscopy (AIRS), Structured Light (SL), Time of Flight (ToF),
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and Light Detection And Ranging (LIDAR). Stereoscopy is similar to human vision and uses parallax and
disparity between featured in images from cameras that are spatially separated. Active infrared stereoscopy
is similar but projects an Infrared (IR) pattern into the scene to assist with nding correspondences. This
is particularly useful for cases where objects being scanned have low visible texture and/or are in low light
conditions. Structured light detects distortions in a known projected IR pattern. Time of ight and LiDAR
cameras both operate by measuring the time taken for emitted IR light to be re ected back to the camera.
ToF cameras typically emit this light in a single pulse, while LIDARSs typically measure by sweeping a laser.
RGB-D cameras have been used for 3D imaging a range of di erent fruits [20]. This includes several studies
related to imaging grapes.

Marinello et al. [21] used a Kinect Version 1 (V1) camera, which operates using IR structured light, to
image grapes in a lab environment for yield estimation. Their results showed that the scanning resolution
decreased signi cantly with the increased distance of the sensor from the grapes. Hacking et al. [22, 23]
also used the Kinect V1 for yield estimation in both lab and vineyard environments. They showed that the
Kinect V1 gave a good correlation with grape bunch volume in the lab but struggle in the eld environment.
They suggested that this could be due to sunlight and the presence of leaves. They recommended that future
work should investigate the performance of the Kinect V2, since it is a ToF camera and hence is more robust
to sunlight conditions compared with SL cameras, such as the Kinect V1, which project IR patterns [24].
An alternative approach could be to take measurements at night. This technique has been used by studies
capturing traditional RGB images in vineyards [3, 25].

Kurtser et al. [26] used an Intel RealSense D435 RGB-D camera, which operates using AIRS technology,
for imaging grapes bunches in an outdoor environment. They used neural networks for detecting grape
bunches from the point clouds [27]. Basic shapes (box, ellipsoid, and cylinder) were tted to the point
clouds. However, they reported relatively large (28{35 mm) errors in the length and width of these tted
shapes compared with the physical measurement of the grape bunches. These errors were reported to be
a ected by sunlight exposure. It would appear that in sunlight conditions, the projected IR pattern would
not be viable meaning this camera would be acting as a stereo camera.

Ivorra et al. [28] used a stereoscopic RGB-D camera (Point Grey Bumblebee?2) for imaging grapes, as
mentioned above. However, the 3D scans of the grapes from this camera were of poor quality. They suggested
that this was due to di culty in making the correct correspondence between the stereo image pairs. Yin et
al. [29] also used a stereoscopic camera (ZED) for imaging grapes. However, this was used to measure the
pose of grape bunches for automated robotic picking rather than yield estimation.

This article presents the rst benchmarking of the performance of multiple RGB-D cameras for use in
grape yield estimation applications. This includes ToF cameras, which have not been used before in a grape
yield estimation study. The benchmarking performance analysis was obtained by calculating error maps

between high-resolution scans obtained using photogrammetry and those obtained by the RGB-D cameras.
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This includes an analysis of the cameras' performance in and out of direct sunlight.

Previous studies [21, 22, 23, 26, 27, 28] have only looked at volume errors for a grape bunch as a whole.
However, in this work, depth map errors in the RGB-D scans of grapes are analysed at an individual grape
berry scale, which has not been done before.

The ability to identify individual grapes from 3D scans would provide additional information for the yield
and crop load estimation process. This could inform viticulturists of metrics such as berry size distribution
and berry count per cluster. There is also the potential for more accurate volume estimates by 3D modelling
of the grape cluster architecture. This has been explored by several researchers [5, 6, 7, 8, 9, 10, 16, 17, 18,
19, 28] but not for RGB-D cameras. This might be because it has been thought that these cameras did not
have su cient precision [5].

In this work, the ability of RGB-D cameras for detecting individual grape berries using Random Sample
Consensus (RANSAC) is investigated. We are not aware of any reported works that have applied an
algorithm such as RANSC with RGB-D camera scans for grape berry detection.

The remainder of the article is organised as follows. Section 2 describes the experimental setup and
data processing used. The results are presented in Section 3. Section 4 provides a discussion on the results.

Finally, a conclusion is provided in Section 5 .

2. Methodology

2.1. Hardware and Measurement Procedure

The RGB-D cameras used in this work were chosen to cover the main technologies available. The cameras
used were the Kinect V1 (SL), Intel RealSense D415 (AIRS), Microsoft Kinect V2 (ToF), Microsoft Kinect
Azure (ToF), and Intel L515 (LIDAR). Table 1 provides some speci cations on these cameras. Additionally,

a Sony Alpha A6300 mirrorless RGB camera was used to obtain high-resolution scans of the grapes using
photogrammetry. Note that the Kinect V1 and Kinect V2 are discontinued. However, the Kinect V2 is still
very commonly used in research and both are used or mentioned in the related literature. Including the
results from these two cameras also provides benchmarking of the newer with older camera technologies.

The RGB-D cameras were mounted on a 2D gantry (CNC machine). The gantry had a 2D travel range
of 1400 1400 mm and a resolution of 0.025 mm. A bunch of green table grapes was suspended in front of
the cameras at one end of the gantry. The gantry system was used to move the camera under investigation

directly in front of and at the desired distance from the grapes, see Figure 1.
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Table 1: List of RGB-D cameras used with the depth measurement technologies they use and their resolution and eld of view
speci cations.

Camera Technology Resolution [Pixels] Field of View [Deg]
RealSense D415 AIRS 1280 720 65 40
Kinect V1 SL 640 480 57 43
Kinect V2 ToF 512 424 70 60
Kinect Azure ToF 1024 1024 120 120
Intel L515 LiDAR 1024 768 70 55

Figure 1: Diagram showing setup of camera and grapes mounted onto the CNC machine for capturing RGB-D images.
Figure 2 provides photos of the experimental setup. Figure 3 shows photos of the grapes used in this

work for both indoor and outdoor measurements. These are cropped versions of the images captured by the
Intel L515 camera, which was located 600 mm from the grapes.
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(CY (b)

©

Figure 2: Photos of the experimental setup. Photo ( a) shows the front view of the cameras mounted onto the 2D gantry.

Photos (b,c) respectively show the setup located inside and outdoors.

(@ (b)

Figure 3: Coloured images of the grape bunches used in this work for scans captured ( a) indoors and ( b) outdoors.

Python code was used to move the gantry so that a camera under investigation was directly in front
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of the grape bunch and then capture RGB-D images with the camera at a number of distances from the
grapes. Most of the measurements shown in this work were with the camera located at a distance of 600
mm from the grapes. This distance was used as it was a distance that worked well for all cameras tested.
For example, the Kinect V1 and V2 struggled to capture images at distances much closer than this. The
newer cameras were able to image at closer ranges. In addition to this, it was felt that this distance was
likely to be a practical separation distance of the cameras from the grapes if the camera was mounted onto
a farm vehicle driving between vine rows. This process was then repeated for all the RGB-D cameras. The
Sony Alpha A6300 mirrorless RGB camera was then used to capture RGB (6000 4000 pixel) images of the
grapes at a range of positions for high-resolution photogrammetry scans. The above measurement process
was performed rst in the lab and then outdoors in direct sunlight using a di erent grape bunch. This was
done to evaluate the e ect of sunlight on the performance of each RGB-D camera.

Measurements were also performed to evaluate if diused scattering within the grapes was causing
distortions in the ToF and LiDAR cameras. This was achieved by obtaining scans before and after spraying
the grapes with white primer paint. The paint aimed to make the grapes opaque and hence stop di used
scattering within the berries. Figure 4 shows the setup used for a single grape positioned inside a ring before
and after it has been sprayed with paint. Needles were used to secure the grape and ensure that the front
face of the grape was ush with the front surface of the ring. Care was taken to not pierce the grape so as

not to disrupt the internal optics of the grape.

(CY (b)

Figure 4: Photos of the setup of scans for a single grape which is rst unpainted ( a) and then painted ( b). This was performed

to analyse the e ect of di used scattering within the grape for the RGB-D cameras, which use ToF and LiDAR technologies.
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2.2. Processing Data

The software Agisoft Metashape v1.5.2 was used to obtain high-resolution photogrammetry scans of
the grape bunches using the RGB images captured by the Sony A6300 from a number of positions. These
provided a baseline scan that could be used to evaluate the accuracy of the RGB-D cameras. The point clouds
obtained using both the RGB-D and photogrammetry scans were then processed using CloudCompare. This
is a widely used 3D point cloud and mesh processing open-source software. It has a range of point cloud
processing tools including cropping, ltering, alignment, distance measurement, and comparison of multiple
point clouds.

It was observed that the raw ToF and LIDAR camera scans had a signi cant number of ying pixels
around the edges of the grape bunch. A signi cant portion of these was therefore Itered out using Cloud-
Compare. This was done by rejecting points that had normal angles greater than a set value. This was
empirically chosen to be 85 degrees. Isolated points were then discarded using statistical outlier rejection,
which compared distances between its six nearest neighbours and used one standard deviation of the entire

point cloud distribution as the rejection threshold [30].

2.2.1. Alignment of Scans and Generating Error Maps
The RGB-D camera scans needed to be aligned with the photogrammetry scan in order to allow bench-
marking to be performed. Let X; be a [3 N] coordinate vector of the N selected points on the RGB-D
scan andY; be the corresponding coordinates of the selected points in the photogrammetry scan. Alignment
of the RGB-D scan scans can then be achieved by nding the [3 3] rotation matrix R and the [3 1]
translation vector T such that when the RGB-D scan undergoes a ridged body translation the distance
between the selected RGB-D and photogrammetry scan points are minimised. This can be expressed as
X
[R ;T ]= argmin iYj RX; Tj* (1)
R;T i
Rather than aligning the two scans using manually selected points, the alignment can also be performed
automatically using cropped RGB-D and photogrammetry scans and solving Equation (1) using a process
referred to as the Iterative Closest Point (ICP) algorithm. Refer to Zin er et al. [31] for more details on the
ICP algorithm used by CloudCompare [32]. The optimised values oR and T can then be used to perform
the ridged body translation
X =R X +T: )

on the RGB-D scan to align it with the photogrammetry scan.
The alignment process described above was initially performed using CloudCompare and manual selection
of points on the chequerboard image for both scans. The point clouds were then cropped to just include the

grape bunch. An error scan for each RGB-D camera was then obtained. This was calculated by measuring
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the distance from each point in an RGB-D camera's scan to the closest point in the photogrammetry
scan [33]. Refer to Figure 5 for a block diagram summarising the processing steps used to obtain the depth
error maps.

An alternative error analysis method was also used, which aligned the depth camera and photogram-
metry scans of the grape bunch using the ICP algorithm, rather than using the chequerboard image. The
raw scans were cropped in CloudCompare to just include the scans of the grape bunch. Scaling was also
performed on the RGB-D camera scan to correct for projection if this scan was located behind the pho-
togrammetry scan, due to any di used scattering within the berries. Alignment between the RGB-D scan
and the photogrammetry scan was performed using an ICP algorithm. The error in the RGB-D scan was
obtained by nding the distance from each point in the ICP aligned RGB-D scan to the closest point in the

photogrammetry scan.

Figure 5: Diagram showing the processing steps used to calculate error depth maps for the RGB-D cameras.

2.2.2. Calculating the Proportion of Missing Scan Points

Image processing was performed to estimate the proportion of the scan that was missing for each depth
camera relative to the photogrammetry scan. CloudCompare was used to capture 2D images of each depth
camera's scan of the grapes with a white background. To ensure consistency between cameras, these images
were obtained using the same viewing angle and position and image size. The percentage of pixels in this
image that was white (not grapes) was then calculated using MatLab for each depth camera. The percentage
of missing scan area was then obtained by subtracting this value from that obtained for the photogrammetry

scan.

2.2.3. ldentifying Individual Grapes Using RANSAC
Work was also performed to investigate the potential of identifying and sizing individual grapes from the
RGB-D camera scans. The RANSAC algorithm was chosen as it is the method that has been used in the

literature related to identifying the position and size of grapes from high-resolution scans captured using
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commercial scanners. This algorithm ts shapes such as spheres to the scan. Ideally, the size and position
of each grape can be identi ed from the size and position of the corresponding tted sphere.

CloudCompare was used to apply the RANSAC algorithm to the indoor scans obtained using both
the RGB-D cameras and photogrammetry. Schnabel et al. [34] provides a description of the RANSAC
algorithm used by CloudCompare [35]. It tted spheres to the grape bunch scans and used this to segment
the scans into a single point cloud for each tted sphere. Ideally, each of these segmented point clouds would
correspond to a di erent grape. These point clouds were then exported as separate les with the sphere
radius in the le name. However, it did not contain the location of the sphere's centroid.

MatLab was then used to process these segmented point clouds using the least-squares sphere tting
function provided in [36]. For a given camera, each le was loaded and a least-squares tting of a sphere to
the segmented scan was performed to obtain the position of the sphere's centroid. The closest sphere in the
photogrammetry scan was then identi ed using a K-Nearest Neighbours (KNN) search.

The di erence in the 2D position of the RGB-D camera's sphere relative to the corresponding sphere for
the photogrammetry scan was then calculated. This distance calculation did not include an o set in the
depth axis direction. This was done to avoid this measurement being dominated by any distance bias that
might be present for the depth cameras. Similarly, the di erence in the RGB-D camera's tted sphere radius
relative to the corresponding photogrammetry sphere was also calculated. This process was repeated for all
the segmented point clouds and median values obtained. Note that the median was used rather than the
average since several tted spheres were too large relative to the size of the grapes and would have distorted
the averaged results. Spheres with a radius greater than 20 mm were ignored when counting the number of

tted spheres.

3. Results

Photogrammetry point clouds of the grape bunches were obtained to act as baseline scans which could be
used to evaluate the accuracy of the RGB-D camera scans. Figure 6 provides an example of a high-resolution
scan obtained using photogrammetry of the grape bunch for the indoor scans. This scan was obtained using
RGB images captured by the Sony A6300 camera. Note that the depth colour scale is relative to the
minimum and maximum depth value and has been normalised so that the closest point on the grapes is set

to 0 mm. This allows comparisons of depth maps to be made across cameras.
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Figure 6: Example photogrammetry 3D depth scan of the grape bunch which was located indoors.

The photogrammetry scan was used as a ground truth to obtain error maps for depth scans captured by
the RGB-D cameras. Figure 7 shows the depth and error scans of the RGB-D cameras, which were captured
indoors with the cameras located at a distance of 600 mm from the grapes. Note that these error scans were
obtained by aligning the depth camera and photogrammetry scans using the chequerboard image and not
using the ICP alignment method. These results show that the ToF and LIiDAR cameras give depth scans
of the grape clusters that had distances biased to be further away than they should be. This e ect was
not observed for the Kinect V1 or the RealSense D415 cameras. It was believed that di used scattering in

the grapes could be the cause of the distance bias for the ToF and LiDAR cameras. The following section
investigates this further.
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(a) RealSense D415 depth. (b) RealSense D415 error.
(c) Kinect V1 depth. (d) Kinect V1 error.
(e) Kinect V2 depth. (f) Kinect V2 error.

(9) Kinect Azure depth. (h) Kinect Azure error.
(i) Intel L515 depth. (i) Intel L515 error.

Figure 7: Depth and error scans (relative to the photogrammetry scans) for the RGB-D cameras located indoors at a distance
of 600 mm from the unpainted grape bunch. An error bar is provided that shows the colour scale for the error scans and is the

same for all the cameras. The colours for the depth scans are relative to the maximum and minimum depth of the point cloud

for each camera.
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3.1. Investigation of Distortion E ects

The grapes were spray-painted with white paint to investigate if di used scattering was causing the
distance bias for ToF and LIDAR cameras. Figure 8 provides examples of the Intel L515 LiDAR depth
scans for a grape bunch before and after it had been sprayed with paint. The painted scans have the depth

error bias removed and the clarity of individual berries in the depth map appears to be slightly enhanced.

(a) Unpainted depth scan. (b) Unpainted error scan.

(c) Painted depth scan. (d) Painted error scan.

Figure 8: Depth and error scans for the Intel L515 before and after spray painting the grape bunch with white paint.

Table 2 provides the mean distance error for the grapes bunch for scans made before and after the grapes
were spray-painted. No signi cant di erence in the error (only 0.5 mm) was observed between the unpainted
and painted scans for the Kinect V1 and RealSense D415, which are SL and AIRS cameras. However, we

can see that painting the grapes reduces the distance bias for the ToF and LiDAR cameras.
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Table 2: Mean depth error for RGB-D camera scans of the grapes before and after they had been sprayed with paint. The
cameras were located indoors and were positioned 600 mm from the grapes.

Camera Unpainted [mm] Painted [mm] Unpainted with ICP Alignment [mm]
RealSense D415 2.13 1.88 1.33
Kinect V1 3.67 3.00 1.01
Kinect V2 14.7 8.28 4.73
Kinect Azure 11.9 4.19 2.66
Intel L515 10.0 3.82 2.17

ICP alignment error analysis was also performed. This method appears able to remove the distance bias
in post-processing, see the third column of Table 2. However, the errors for the ToF and LIDAR cameras
are still slightly higher than their SL and AIRS counterparts.

Figure 9 shows the error maps for the Kinect Azure and Intel L515 cameras where ICP had been used
to align their RGB-D depth scans with the photogrammetry scans. While this appears to have removed
the distance bias, it shows that shape distortion errors still occur in the form of peaks located at the centre

of each individual grape. The ToF cameras appeared to show slightly more pronounced shape distortions
compared to the LiDAR.

(a) Kinect Azure. (b) Intel L515.

Figure 9: Kinect Azure and Intel L515 error scans for unpainted grapes after the depth camera scans were aligned with the
photogrammetry reference scan using the ICP alignment method.

This distortion e ect is illustrated in Figure 10. This plot shows scans captured by the Kinect Azure and
Intel L515 of this grape before and after it was painted. These RGB-D cameras were located at a distance

of 350 mm from the grapes. This distance was chosen as the distortion appeared slightly more pronounced
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at this distance, as is illustrated in Figure 11. The unpainted grape scan points show signi cantly more

pointed shape distortion compared with the painted grape.

(a) Kinect Azure ToF camera. (b) Intel L515 LiDAR.

Figure 10: Scans for Kinect Azure ( a) and Intel L515 ( b) RGB-D depth scans of a single grape before (green) and after (white)
individual grapes had been painted with white spray paint. Note that the Z -axis direction shown in the plots is the depth axis.
The cameras were located 350 mm from the grapes. The Kinect Azure and Intel L515 have their unpainted peaks respectively

about 7 mm and 8.5 mm behind the painted peaks. The Azure scan is more heavily quantised than the L515 scan.

Figure 11 shows cross-sections in th&  Z plane of Kinect Azure scans made of a single grape before
and after it had been sprayed with paint, for a range of distances of the depth camera from the grape. The
depth has been normalised so that zero depth corresponds to the front of the ring supporting the grape.
The distance bias and shape distortion are reduced when the grape is painted. It appears that the shape

distortion is more pronounced when the camera is closer to the grape.
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Figure 11: Plots showing cross-sections of scans made by the Kinect Azure of a single grape before (solid lines) and after (dashed
lines) the grape had been painted. The di erent colours represent scans made with the camera being located at distances from

the grape ranging from 350 to 600 mm.

Figure 12 provides plots of the Empirical Cumulative Distribution Functions (ECDF) of the errors in
scans captured indoors both before and after the grape bunch had been sprayed with white paint. The
ECDF plots show what percentage of the errors is below a given value. For example, we can see that, for
the unpainted grapes, the Kinect V2 has 95% of its errors below 30 mm. In contrast, the corresponding

scans for the RealSense D415 has 95% of its errors less than about 5 mm.

(a) Unpainted. (b) Painted.

Figure 12: Plots ( a,b) respectively show the ECDF error measurements for the grape bunch scans made indoors before and

after the grapes had been sprayed with paint. The cameras were positioned 600 mm from the grapes.

Note that some caution is required when interpreting the ECDF plots. This error analysis only looks
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at errors in scan points captured with the depth cameras. However, it does not analyse how much of the
scan was missing. For example, the ECDF plot shown in Figure 12 indicates that the Kinect V1 produced
relatively low errors. However, from Figure 7 we can see that there was a signi cant proportion (about 20%)
of the scan that was missing compared with the other cameras. Additionally, the ECDF does not provide

information on how well individual grapes can be identi ed within a scan.

3.2. Measurements Made in Direct Sunlight

Measurements were also made using the cameras located outdoors to evaluate their performance in direct
sunlight. Note that the grapes used for the indoor scans had been painted in order to investigate how di used
scattering within the berries a ected the results. Hence, a di erent grape bunch was used for the outdoor
scans. However, the methodology was designed with the aim of providing results that were independent of
which grape bunch was used in the benchmarking by comparing the photogrammetry and RGB-D camera
scans. This means that the error analysis should be relatively independent of the grape bunch used, though
some di erence in the results may occur.

Figure 13 shows examples of these depth scans with the cameras at a distance of 600 mm from the
grapes. Note that no results are shown here for the Kinect V1. This is because no measurements were able
to be achieved with this camera until after sunset. All of the other depth cameras were able to obtain scans
of the grapes in direct sunlight. However, the errors for the RealSense 415 are similar to those of the Kinect

V3 and LiDAR for outdoor measurements but are still lower than those for the Kinect V2.
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(a) RealSense D415. (b) Kinect V2.

(c) Kinect Azure. (d) Intel L515.

Figure 13: Depth scans for the RGB-D cameras captured outdoors at a distance of 600 mm from the grape bunch.

Figure 14 compares ECDF plots for these scans made outdoors with the scans made indoors where ICP
alignment has been used. Table 3 provides a comparison of the proportion of missing scan points for each
camera for both indoor and outdoor measurements. It can be seen that the RealSense D415 has a 13%
increase in the proportion of missing scan points for outdoor measurements, while the ToF and LiDAR
cameras are relatively una ected. There is a slight (2%) reduction in the proportion of missing scan points
for the Kinect V2 outdoors relative to indoors. However, this is probably within the measurement error for
this analysis method or may be due to the fact that di erent grape bunches were used for the indoor and

outdoor experiments.
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(a) Indoors. (b) Outdoors.

Figure 14: Plots comparing ECDF plots for scans of two di erent unpainted grape bunches which were captured by depth
cameras (a) indoors and ( b) outdoors in direct sunlight using ICP alignment of the depth camera scans with the photogrammetry
scans. The grapes were located 600 mm from the cameras.

Table 3: Estimate of the percentage of the depth scan that is missing for each camera relative to that obtained using the

photogrammetry scans.

Camera Indoors [%] Outdoors [%)]
RealSense D415 0.9 14
Kinect V1 20 {
Kinect V2 14 12
Kinect Azure 4.2 4.6
Intel L515 2.0 3.6

3.3. Detection of Individual Grapes Using RANSAC

Analysis was performed on the grape scans that were captured indoors to investigate if it was possible to
detect and size individual grapes from the raw RGB-D camera depth scans. The RANSAC algorithm within
CloudCompare was used to t spheres to the depth scans. Figure 15 shows the resulting segmentation of the
scans provided by the RANSAC sphere tting for the photogrammetry and depth camera scans. These are
overlaid over a photo of the grapes for comparison. The di erent colours correspond to di erent segmented
point clouds obtained by tting spheres to the raw scans. ldeally, there would be a separate colour for each
grape. However, it can be seen that the results are not perfect. The performance of the algorithm is lower
for the RGB-D cameras scans compared to that of the photogrammetry scan.

Table 4 provides the median di erence in the detected 2D position and sphere radius relative to the

corresponding spheres for the photogrammetry scans. The medium sphere radius for the photogrammetry
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scans was 13.7 mm. The depth information was ignored when calculating the 2D position error since adding
depth would have resulted in values that were dominated by the distance bias for the ToF and LiDAR
cameras. The median di erences in the 2D positions of the spheres are relatively low. These position errors
may be related to errors in the alignment of the depth camera scans in comparison to the photogrammetry
scan.

This table also gives the number of spheres detected for each RGB-D camera that had radius values less
than 20 mm. We can also see that the ToF and LiDAR camera scans have smaller median sphere radius

values compared to those obtained using photogrammetry and the RealSense D415 and Kinect V1 cameras.
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(a) Photogrammetry. (b) RealSense D415.

(c) Kinect V1. (d) Kinect V2

(e) Kinect Azure. () Intel L515.

Figure 15: Plots showing the output of the RANSAC algorithm on the grape depth scans which were captured indoors. This

is overlaid over a greyscale photo of the grape bunch for reference.
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Table 4: Information on the RANSAC algorithm tting of spheres to individual grapes in the scans. This shows the number
of spheres detected and the median di erence in the radius and 2D positions of the spheres for the RGB-D cameras relative to

the same spheres in the photogrammetry scans.

RealSense D415 Kinect V1 Kinect V2 Kinect Azure Intel L515

No. of Spheres Detected 25 22 31 26 30
Median Radius Di erence [mm] 17 2.8 3.7 3.5 3.0
Median Position Di erence [mm] 1.9 2.1 3.5 2.0 2.1

4. Discussion

The RealSense D415, which uses AIRS technology, was the most accurate camera indoors. However, it
showed reduced performance outdoors. This is in line with the ndings of Kurtser et. al. [26] that reported
increased errors for the RealSense D435 AIRS camera with increased sunlight exposure. The ECDF plots
shown in Figure 14 indicate that the errors for the RealSense D415 increased outdoors but were still similar
to that of the Kinect Azure and Intel L515 (after correcting for their distance bias using ICP). However, the
RealSense D415 also had a signi cant increase in missing scan points when operated in direct sunlight. This
is illustrated in Table 3, where the percentage of missing scan points relative to the photogrammetry scan
increased from about 1% to 14% when measurements were made outdoors. Additionally, the 3D shape of
individual grapes was less pronounced, which would make it harder to identify and measure the size of the
grapes. This might be because it was not able to use its projected IR pattern due to saturation by sunlight.
Saturation of the stereo IR cameras may also have occurred. Moreover, the camera may have struggled with
the dynamic range caused by direct illumination from the sun with shadows.

The Kinect V1 SL camera also had low depth errors for measurements made indoors. However, Table 3
shows that it had about 20% of the scan points missing, which was the highest of any of the other cameras.
This resulted in a smooth shaped scan of the grape bunch and did not display the valleys between grapes.
This phenomenon can be seen in the plots presented by Marinello et al. and Hacking et al. [21, 22, 23].
The Kinect V1 has a signi cant deterioration in resolution as the distance of the grapes from the camera
increases, as reported by Marinello et al. [21]. This appears to be related to the strong depth quantisation
dependence on scan depth for this camera.

The Kinect V1 could not be used for scanning grapes outdoors in direct sunlight. This was expected
since its projected IR pattern would have been saturated by the sunlight. Hacking et al. [22, 23] had also
reported issues with its performance when used outdoors. They had therefore suggested that the Kinect V2
should be investigated for outdoor grape bunch scanning since it would be more robust to sunlight.

The cameras that used ToF technologies were found to be more robust to sunlight conditions. Both the

Kinect Azure and Intel L515 appeared to provide similar results indoors and outdoors in direct sunlight.
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The Kinect V2 had higher errors than the Azure and Intel L515. It was able to operate in sunlight but did
have some issues with saturation resulting in scan points being missing. This may be addressed by adjusting
the exposure in software.

The ToF and LIDAR cameras produced scans of the grapes that had a distance bias of about 8 mm
and had a distortion in the shape of the scans of the grapes, which was not observed for the SL and AIRS
cameras. The shape distortion for the ToF and LIDAR cameras makes individual grapes within the scan
more prominent and easier to identify than the Kinect V1 and the RealSense D415. This distortion may
therefore be bene cial for counting individual grapes. The plots in Figures 8, 10, and 12 show that these
distortion e ects were largely removed when the grapes were painted. This indicates that the distance bias
and shape distortions are due to di used scattering within the berries of the transmitted light used by these
cameras.

The Intel L515 LIiDAR appeared to have slightly less distance bias and distortion compared to the two
ToF cameras. The di erence in distortion between the ToF and LIiDAR cameras may be due to the process
they used to emit light. ToF cameras emit light using a single wide-angle coded pulse and captures the
returning light from a range of locations simultaneously as pixels. If this light pulse enters a grape and
experiences di used scattering, each pixel of the ToF camera corresponding to the grape will receive some
combination of light entering across the entire surface of the grape visible to the camera. In contrast,
LiDARs typically build up the point cloud in a scanning process making measurements at a single scan
point location at a time. This means that the light detected by the LIDAR may be more localised within
the grape compared with the ToF camera. Given the di erent methods used by the two types of cameras,
it is perhaps understandable then that each would have a di erent distortion pattern.

There have been a few reports of ToF cameras having a distance bias in fruit due to di used scattering.
Neupane et al. [37, 38] reported that ToF cameras provided distance measurements for mangoes, which were
biased to be slightly too large, due to di used scattering within the fruit. This distance bias increased over
several days and was suggested as a means of measuring the ripeness of the mango fruit. Sarkar et al. [39]
used this phenomenon to investigate the ripeness of apples using a ToF camera and polarisers. However,
we have not seen any previous report of a shape distortion in ToF camera scans of fruit. The fact that the
shape distortion is so pronounced for grapes may be due to the comparatively smaller size of the berries and
relatively higher translucent properties compared to the other fruit that has been investigated previously.

This raises the question, could the distortion of RGB-D cameras that use ToF technology be used
to provide a non-destructive estimation of grape properties such as ripeness? Future work is planned to
investigate how the distortion e ects vary with berry ripeness and size. This might also give some insight
into the potential of correcting the ToF and LIiDAR scans for these distortions in post-processing.

The ability to identify individual grapes from 3D scans could be bene cial. It potentially could allow

the number and size of berries in bunches to be measured. Additionally, it might allow more accurate
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yield estimation through 3D bunch architecture modelling. There have been several works that have used
RANSAC to detect and size grapes. However, these works used high-resolution 3D scans captured using
commercial laser and structured light scanners [5, 7, 8, 9, 10] and using photogrammetry [13], not depth
cameras. Yin et al. [29] used RANSAC to t cylinder shapes to the ZED RGB-D camera scans of grape
bunches. However, this was related to the pose estimation of the entire grape bunch for robotic harvesting
applications and did not attempt to t individual grapes.

The RANSAC algorithm was used in this work on both the photogrammetry and RGB-D camera scans.
The RANSAC algorithm showed some promise for detecting individual grapes in the RGB-D camera scans.
All of the RGB-D cameras gave similar median 2D positions for the spheres/grapes relative to photogram-
metry, as indicated in Table 4. However, the RANSAC algorithm produced tted spheres with a smaller
radius for the ToF and LIDAR cameras. This was to be expected given the shape distortion observed for
these cameras.

The ability of RANSAC to correctly segment out individual berries was lower for the RGB-D cameras
compared with that for the photogrammetry scans. As an example, in Figure 15, it can be seen that the
Kinect V1 shows multiple grapes close to each other that have the same colour. This indicates that the
algorithm has failed to separate these particular berries out as separate spheres. In contrast, a much higher
proportion of the berries are correctly segmented for the photogrammetry scan.

The RANSAC algorithm also identi ed more grapes in the photogrammetry scans compared to that in
the RGB-D camera. This is particularly pronounced for the grapes located around the edges of the bunch.
However, this would appear to be mainly related to the way the photogrammetry scans are obtained using
images captured from a range of positions relative to the grape bunch. The RGB-D camera images shown
here in contrast are captured from a single location. This means the RGB-D cameras see a lower proportion
of the surface area of the grape bunch. Improved results could be obtained by merging multiple RGB-D
camera scans taken at a range of positions and angles relative to the grapes. This could be achieved using
SLAM or a similar point cloud alignment technique [14]. This should then make the RGB-D camera scans

more comparable to the photogrammetry scans.

Future Work

More investigation is needed to ascertain the optimal method of detection and sizing the grapes from
RGB-D camera scans. Future work could look at tting other shapes to the grape scans such as ellipsoids or
a shape that is similar to the distortions due to di used scattering e ects for the ToF and LiDAR cameras.
Additionally, custom-designed algorithms may be needed for these cameras. This may include correction of
the distortion e ects for these cameras.

The ToF and LiDAR cameras had slightly higher errors compared with the other two cameras indoors

even when the grapes were painted or when the distance bias had been removed in post-processing. It is
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possible that these errors could be reduced if additional ltering of the ying pixels was performed. However,
this could potentially result in removing real scan points partially in the valleys between individual grapes.

It is also possible that the error analysis process used here is overestimating the errors slightly for these
cameras.

Improvements in the error analysis technique used in this work could also be performed. The error
in the RGB-D cameras scans was obtained by comparing their depth scans with those obtained using
photogrammetry. There could be some small errors in these photogrammetry scans. It appears that these
scans had some smoothing in the valleys between grapes in a similar manner to the RealSense D415. It
would be interesting in future work to use an alternative scanning system such as a commercial laser scanner
for obtaining the ground truth scans.

The method used to calculate the distance errors could be improved in future work, particularly for the
scans where a distance bias is present. One option could be to project a line from the location of the RGB-D
camera to a scan point in its depth scan. One could then calculate the point on the line which is closest
to a scan point on the photogrammetry scan (or where it passes through a mesh surface obtained from the
photogrammetry scan). The distance along the line from that point to the RGB-D scan point could then
be used as the depth error.

This work was performed with green grapes. Some preliminary testing with red grapes indicated that
these also had a shape distortion and distance bias that appeared similar to that observed in the green
grapes. However, this was not investigated in detail and more work is needed with other types of grapes.

The measurements described in this work were performed in controlled lab type environments. This
was appropriate for the type of investigations performed in this study. However, it should be noted that
achieving a fully automated system in a real vineyard environment would be more challenging. For example,
this would require segmentation to allow automatic identi cation of grapes from leaves and stems [27]. There
may also be occlusions by leaves or other grape bunches. More work is needed to address these types of

challenges.

5. Conclusions

The Kinect V1 is no longer in production and hence is unlikely to be used in the future for grape yield
estimation. However, it provides a comparison of the IR structure light technology with that used by other
RGB-D cameras. The Kinect V1 was not able to function in direct sunlight. This is likely to be due to its
projected IR pattern being saturated by sunlight. This indicates that RGB-D cameras that operate using
IR structured light would only be suitable for measurements made at night or with a cover system that
blocks out sunlight.

The Kinect V1 provided scans made indoors (out of direct sunlight) with relatively low errors for the
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parts of the grapes facing the camera. However, it did not capture portions of the grapes, particularly in
the valleys between individual grapes. While this might be adequate for rough volume estimations using a
convex hull or mesh of the grape bunch scan, it does make identifying and sizing of individual grapes within
the scan di cult. This is illustrated in the RANSAC results where the segmentation process struggled to
correctly separate out many neighbouring grapes. In addition, it appears that the depth scans for the Kinect
V1 had a relatively high quantisation compared with the other cameras.

The RealSense D415, which uses active stereoscopy, provided the lowest errors of the cameras analysed.
Its indoor scans did not have the missing scan points or quantisation that was seen in the Kinect V1.
However, it smoothed out the valleys between the grapes making it harder to detect individual grapes from
the depth scans. The scans made with this camera in direct sunlight had slightly higher errors and missing
scan points. In future work, we would look at adjusting the exposure of this camera in software to see if this
issue can be addressed. However, it appears that sunlight was saturating its projected IR pattern, meaning it
was acting purely as a passive stereo camera. This might indicate that cameras that operate using the AIRS
technology may not have any additional bene t for yield estimation made in sunlight conditions compared
with RGB-D cameras which operate using just passive stereo technologies. This may be investigated in
future work.

The ToF (Kinect V2 and Kinect Azure) and LiDAR (Intel L515) cameras provided the best ability to
detect individual grapes compared to the other cameras. However, they produced 3D scans of the grapes
which were biased to give depth distances that were too large. Additionally, these cameras also produced
distortions in the scans in the form of peaks centred on each grape location.

The distance bias and shape distortion were removed when the grapes were painted. This indicated that
the distance bias and distortion were the results of di used scattering within the grape. Previous work such
as Neupane et al. [37] had reported measuring a distance bias for fruit using ToF cameras and have related
this to the ripeness of the fruit. However, we are not aware of any previous studies which have reported a
distortion in the shape of the scans of the fruit. It may be that this distortion is enhanced due to the small
size of grape berries and their translucent properties.

The distance bias found in the LIDAR and ToF cameras scans of the grapes may not be an issue if one
is only interested in the shape of the grape bunch. In fact, the distortion pattern makes it easier to identify
individual grapes compared with the SL or AIRS cameras. However, more work is needed to investigate
how much this distance bias and distortion a ect the accuracy of grape volumelyield estimations. In our
study, it did result in smaller detected berry diameters obtained using RANSAC compared with the other
cameras. More work is needed to understand what factors such as ripeness, berry size, and variety play in
the magnitude of the distance bias and shape of the distortion. With more understanding of these factors,
it may be possible to use these distortions to perform non-destructive measurement of grape properties such

as ripeness or possibly to correct for the distortions in post-processing.
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In future work, we plan to investigate further the potential of the ToF and LIDAR cameras since they
were less a ected by sunlight and there is potential to utilise the distortion present in their scans for more
accurately identifying individual berries. Additionally, there may be opportunities for using the distortion

for non-destructive testing of berry properties.
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Grape Yield Estimation with a Smartphone's Colour and Depth Cameras
using Machine Learning and Computer Vision Techniques

Baden Parr, Mathew Legg, Fakhrul Alam

Department of Mechanical and Electrical Engineering, Massey University, Auckland, New Zealand

Abstract

A smartphone with both colour and time of ight depth cameras is used for automated grape vyield esti-
mation of Chardonnay grapes. A new technique is developed to automatically identify grape berries in the
smartphone's depth maps. This utilises the distortion peaks in the depth map caused by di used scattering
of the light within each grape berry. This technique is then extended to allow unsupervised training of a
YOLOv7 model for the detection of grape berries in the smartphone's colour images. A correlation coef-
cient ( R?) of 0.946 was achieved when comparing the count of grape berries observed in RGB images to
those accurately identi ed by YOLO. Additionally, an average precision score of 0.970 was attained. Two
techniques are then presented to automatically estimate the size of the grape berries and generate 3D models
of grape bunches using both colour and depth information.

Keywords: grapes, yield estimation, berry detection, YOLO, depth camera, RGB-D

1. Introduction

Accurate grape vyield estimation is crucial for wine growers since it enables them to e ectively plan,
organize, and take necessary actions, such as pruning and thinning, to optimize the quality of the wine
they produce. Traditionally, yield estimation has been conducted through manual techniques such as visual
observation or by cutting and weighing samples, which can be subjective, destructive, and time-consuming.
Moreover, manual methods can result in undersampling of the vineyard, leading to potential errors. As
a result, researchers are exploring automated yield estimation methods, mainly utilizing computer vision
techniques [1, 2, 3].

Machine learning techniques have been used for detecting grape bunches in RGB (Red Green Blue)
images. This has included convolutional neural networks [4] and di erent YOLO (You Only Look Once)
models [5, 6, 7, 8]. However, for accurate yield volume estimations, it is desirable to count the number of

berries within bunches and estimate the size of each berry.
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Several studies have detected individual grape berries in RGB images using spectral re ectance peaks
in the images obtained using arti cial lighting of the grapes in controlled eld or lab conditions using
smartphones [9, 10, 11] and camera systems [12, 13]. Machine learning has also been used to detect individual
grape berries in RGB images. Coviello et al. [14] used dilated convolutional neural networks to count grapes
in smartphone images. Miao et al. [15] used YOLOvV3 to detect regions of interest around individual grapes.
Additionally, a YOLO model for detecting individual grape berries can be downloaded from reference [16].
However, the training of these YOLO models will have been performed using manual labelling, which can be
very time-consuming. Also, it would appear likely that this training would need to be repeated for di erent
grape cultivar varieties.

For yield estimation, it is desirable to estimate the size of the individual berries within a bunch for
accurate volume estimation. This is particularly the case for grape varieties that have a range of sizes within
a bunch. Several studies have estimated the size of grapes and generated 3D models of grape bunches using
Hough transforms to t circles to grapes captured in camera and smartphone RGB images [17, 18, 19, 20].
These generally used backing boards to make the grapes more distinctive from the background and prevent
circles from being detected in the background. Mirbod et al. [13] used spectral re ectance peaks to rst
detect the location of each grape berry and then used circle detection in this region to estimate the size of
grapes in images. Miao et al. [15] also used a two-step process where a region of interest was identi ed
around grape berries using a YOLOv3 model and then edge detection and ellipse tting were used to estimate
berry area in RGB images.

The size of the grape berries in an RGB image changes depending on the distance of the grapes from the
camera due to perspective projection. One technique used to estimate the physical size of a grape berry from
an RGB image is to place an object of known size next to the grapes. The size of an individual grape berry
can then be obtained by comparing the size of the berry with the size of the reference object in the RGB
image. Ang et al. [17, 18, 21] used a disk of known dimensions placed among the grapes or a checkerboard
held next to the grapes to estimate the physical size of the grapes in a smartphone's or regular camera's
images. Liu et al. [19, 20] also used a checkerboard image for this purpose. This allowed them to model the
3D structure of a grape bunch from 2D images. This process was extended by Xi et al [22, 23] to include
constraint-based reconstructed grammars to \grow" the full 3D grape bunch structure from a single view
2D image.

The distance that a camera is from a checkerboard can be measured using the camera's intrinsic calibra-
tion parameters, which can be obtained using camera calibration software. This technique may have been
used in the above works that used checkerboards.

It is desirable however not to have to use a reference object for estimating the size of grape berries for
yield estimation. The physical size of grape berries can be estimated from their sizes in an RGB image if one

knows the distance of the camera from the grapes when the image was taken, and one knows the camera's
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calibration intrinsic parameters. Ivorra et al. [24] were able to estimate the size of grapes from RGB images
without the need for a calibration object. They achieved this by measuring the distance that the camera
was from the grapes using a stereo-depth camera. They used this distance combined with the size of grapes
in the stereo camera's raw RGB images to estimate the physical size of grape berries. However, these results
were obtained in controlled lab environments where the lighting, background, and camera position were
carefully regulated, and manual re nement was required.

Grape size estimation and 3D modelling of grape bunches have also been performed using high-resolution
3D scans of grapes. This has included the use of photogrammetry. However, this involves a high computa-
tional load and can take signi cant time to process [25]. Stereo reconstruction has also been used to generate
3D models of grape bunches [26]. There has also been work using commercial high-resolution 3D scanners
to generate 3D models of grapes in lab environments [27, 28]. However, these are expensive and do not seem
suitable for practical use by farmers in the eld.

There have been several studies that have used low-cost depth cameras to obtain 3D scans of grapes
obtained using RGB-D (Red Green Blue - Depth) cameras for grape yield estimation. Marinello [29] and
Hacking [30, 31] used the Microsoft Kinect V1 depth camera for yield estimation studies of grapes. This
operates using infrared structured light, which did not work well in sunlight conditions due to the saturation
of the projected infrared (IR) pattern. Kurtser et al. [32, 33] used an Intel RealSense D435 RGB-D camera
for 3D scanning of grapes which uses active stereo. These works were not used to measure individual berry
information. This is likely due to the relatively low resolutions of these cameras.

Parr et al. [34] compared the performance of several low-cost depth cameras for imaging grapes. It was
shown that the ToF (Kinect V2 and Kinect Azure) and LiDAR (L515) depth cameras produced distortions
in the 3D scans of individual grapes in the form of peaks centred on each grape location due to di used
scattering within the grapes. It was suggested that these distortions could be exploited to make the detection
of grapes in ToF depth scans easier.

Previous research has employed smartphones to investigate grape yield estimation [35, 20, 19, 9, 18, 11].
An advantage of employing a smartphone in this context is that the majority of individuals already own one,
thereby obviating the necessity for growers to invest in additional equipment. Many modern smartphones
have built-in depth cameras in addition to RGB cameras. For example, the Samsung Galaxy Note 10+,
Samsung Galaxy S20 Ultra, Huawei P30 Pro, etc. have built-in Time of Flight (ToF) cameras and the
iPhone 12, 13 and 14 Pro and Pro Max models have built-in LIDARs. We are not aware of any previous
works that have used the built-in depth cameras of a smartphone for grape yield estimation applications.

In this study, we utilize a Samsung Note 10+ smartphone to capture RGB images and ToF depth
maps of Chardonnay grapes in eld and lab environments. Grape detection is performed automatically by
identifying distortion peaks in the ToF depth maps resulting from di used light scattering within the grapes.

We further train an unsupervised YOLOv7 model to detect the precise location of grape berries in RGB
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images, leveraging the initial grape identi cation from the depth maps. Additionally, we develop techniques
to estimate the size of grape berries and generate 3D models of grape bunches.

This article has the following contributions.

~ We introduce a novel technique for the automatic detection of grape berry locations in 3D based on the
peaks observed in the ToF depth maps captured by the smartphone. Building upon this technique, we
extend it to enable unsupervised training of a YOLOv7 model for grape berry identi cation. To the
best of our knowledge, this is the rst instance of unsupervised training of a YOLO model speci cally

for grape detection, and we are not aware of any previous work that has employed a similar approach.

The physical size of grape berries can be estimated from their size in the smartphone's RGB images
using the distances from the camera to the grape berries that are automatically measured by the
smartphone's depth camera. This removes the need for placing a calibration object next to the grapes,
as has been done in previous work related to estimating berry size from RGB images captured in the
eld.

A novel iterative modelling technique is introduced for estimating the sizes of grape berries based on
their detected 3D positions, eliminating the need to estimate berry sizes from the RGB images. This
approach o ers an alternative method that does not rely on analyzing the RGB images to determine

the berry sizes.

The remainder of the paper is organised as follows. Section 2 outlines the data collection methodology
and processing used to generate RGB-D point clouds of grapes. The technique used to detect individual
grapes from depth scans is described in Section 3. In Section 4, a technique used to train a YOLO model
in an unsupervised manner is outlined. This model is then used to detect grape berries in the RGB images.
The methods used to estimate the size of grape berries and perform 3D modelling of grape bunches are then

presented in Section 5. Finally, the conclusion is presented in Section 6.

2. Methodology

2.1. Data collection

Field measurements were made of Chardonnay grapes at the Villa Maria Estate in Auckland, New
Zealand. These were performed about two weeks before harvest (late February). A Samsung Note 10+
smartphone was used to perform measurements on the grapes. This smartphone contains an RGB camera
and a Time of Flight (ToF) depth camera. For each depth image, it also generates a con dence map, which
provides an indication of the accuracy and validity of each point in the depth map.

At the time, there was no app available to capture depth map images from this camera. Therefore,

a custom Android application was developed for this purpose. For each capture event, the application
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automatically saved to le a 4032 3024 RGB image, a 640 480 depth map, and a time synchronised
640 480 con dence map. Additionally, a text le was also saved which contained the smartphone's GPS
location and a reading from the smartphone's accelerometer taken at the time of capture.

Figure 1 provides an example of the RGB, depth, and depth con dence maps captured using this app for
a grape bunch. (This grape bunch data will be used in most examples presented in this work for consistency.)
The camera was able to capture depth maps in direct sunlight. No direct e ort was made to take captures
at any predetermined distance from the graph cluster. The only restriction was that each grape cluster
should ideally Il the camera's frame. In total, 400 sets of images were captured of unique grape clusters

throughout the vineyard.

@ (b) ©

Figure 1. Example images of the (a) RGB, (b) depth and (c) con dence maps captured by the Samsung Note 10+ of grapes
in the eld.

In order to build a YOLOv7 machine-learning model to identify grapes, a large number of scans of grapes
were needed. To achieve this, 34 representative grape bunches were harvested from the vines and taken back
to the lab. In turn, each grape bunch was suspended from a computer-controlled rotation table located 200
mm from the optical centre of the stationary Samsung Note 10+, see Figure 2. This distance was chosen
to ensure that all grape bunches would t within the camera's frame while being as close as possible. This
methodology imitates our typical use of the phone's cameras when capturing images of bunches located on
the vine.

The grape bunches were rotated through 360 and the Samsung Note 10+ was used to capture an
RGB image and depth and con dence maps at 10 degree increments. Angles were not included where the
structure of the rotation platform obscured the grape cluster. This resulted in a total of 1062 images of
34 grape bunches taken at a range of angles. Refer to Figure 3 for examples of scans captured using this
technique. Additionally, 120 scans were taken from a range of angles in the lab of a potted grapevine, absent

of grapes.
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Figure 2: Diagram of the experimental setup where a turntable was used to capture images of a grape bunch using the

smartphone from a range of angles.

CY (b) (©

Figure 3: Examples of (a) an RGB image and (b) depth and (c) con dence maps captured by the Note 10+ of a grape bunch

in the lab on a turntable. These were used to train a YOLO model to detect individual grapes.

2.2. Camera calibration

The Note 10+ cameras produced an RGB image and depth and con dence maps. In order to generate 3D-
coloured depth point clouds (RGB-D) from these, the calibration parameters of the smartphone's cameras
needed to be known. The smartphone's API did have calibration parameters stored. However, slight errors
were found when using these to align the colour and depth maps when calculating the RGB-D point cloud.
Therefore, a series of calibration colour and depth images were taken from a range of angles of a checkerboard
pattern that was glued onto a sheet of acrylic. These measurements were made at similar distances from
which the grape measurements were made. The black ink used to print the checkerboard pattern absorbed

the infrared light emitted by the ToF camera meaning it showed up as voids (black) on the depth map.
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This meant that the depth map images captured of the checkerboard could be used with camera calibration
software.

The checkerboard images captured by the depth and colour cameras were separately calibrated using
OpenCV v4.7.0. For this process, the RGB images were downsampled to be the same 64@80 resolution
as the depth maps before calibration. This was done to reduce the processing burden and ease stereo
registration. This 640 480 resolution will be used for RGB and depth images throughout the remainder
of this work. Refer to Figure 4 for examples of corresponding depth and colour images obtained during
this calibration with a common \real-world" reference frame shown. The estimated intrinsic parameters for
both the colour and depth images were used along with the detected checkerboard coordinates for stereo
calibration to obtain the extrinsic parameters de ning the transformation from the RGB camera's reference

frame to that of the depth camera.

(@ (b)

Figure 4: Examples of the (a) RGB and (b) depth calibration images captured by the smartphone's cameras.

2.2.1. Projecting between depth map and RGB images
Consider a pixel in the depth map with 2D coordinatespgy in the X and Y axes directions, which has a

depth value of Z. One can convert this into a 3D coordinate in the depth camera reference frame using
2 3

Z (pal2] ca2)=fa2 1)

z

Z (pa[l] ca1)=fa1
o=k £

wherefgy; and f 4, are the depth camera's focal lengths in theX and Y axes directions,cy; and cy; are the
coordinates of the central depth pixel in the depth map.
This 3D point X 4 can be moved from the depth camera’s reference frame to the RGB camera's reference

frame using the ridged body transformation

Xc=R Xg+T,; (2)
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where R is the stereo calibration rotation matrix and T is the stereo translation vector.
This 3D point can be coloured by nding the colour of the corresponding pixel in the RGB image. The

3D point X ¢ is rst converted to normalised coordinates using
2 3
4 X ellFZg

X [2]=2

Xe = (3
where X ¢[1] and X ¢[1] are respectively theX and Y axes components ofX .. This can be then converted

into pixel coordinates on the RGB image using
2 3
_ 4fCl XC[]'] + CC15 ,

= 4)
fe2 Xc[2]+ Ce2

wheref.; and f., are the RGB camera's focal lengths in theX and Y axes directions andc;; and ¢, are
the coordinates of the central pixel in the RGB image. No corrections were made for lens distortion or skew.
The colour of this pixel can be used as the colour of the 3D point in either the RGB or depth camera’s
reference frames.

By repeating the above process for all pixels in the depth map, a coloured 3D point cloud can be
generated. However, due to the perspective shift in some situations, multiple depth pixels will map to the
same colour pixel. In this situation, only the point closest to the camera should be retained. Refer to Figure
5 for an example of the RGB image and the corresponding 3D coloured point cloud obtained using this

method.

(@) (b)

Figure 5: Image (a) shows an example of the RGB photo captured by the smartphone's camera of a grape bunch in the eld.

Image (b) shows the corresponding colourised depth map.
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3. Detection of berries in the ToF depth scans

Figure 6 shows an example of a ToF camera scan of a single grape before and after it has been sprayed with
an opaque coating (AESUB 3D Scanning Spray). This illustrates how the di used scattering of light within
the grapes causes a distortion of the shape of the grape in the 3D scan. This manifests as a distinctive peak
centred at the location of each grape. Observing this e ect led to the idea that these peaks could potentially

be used to facilitate the automatic detection of individual grape berries in ToF depth images [34].

Figure 6: Example plot showing a peak in the depth map due to a grape that has been converted to 3D point cloud before and
after it had been sprayed by an opaque coating. This illustrates how di used scattering within the grape causes distortion of

the depth scan in the form of peaks.

Figure 7 shows a block diagram of the technique used to investigate this idea. Each depth map captured
by the smartphone ToF camera was Itered to reduce noise using the corresponding con dence map. Depth
pixels that had a con dence value of less than 50% were removed. This had the primary e ect of removing
distant points. In all cases, the camera presented high con dence for pixels representing the grapes' surface.
This 50% threshold was empirically determined from analysis of several images. Increasing this threshold
caused the edges of grape clusters to erode slightly. Meanwhile, reducing the threshold caused background
objects to be included and resulted in low persistence peaks to be detected due to the noise.

To identify potential grape locations, a peak detection algorithm was then used to identify peaks in
the depth maps. A persistence homography technique [36, 37] was utilised for this due to its speed and
robustness to noise. The persistence homography technique generated a persistence value for each identi ed
peak, representing how signi cant a local maxima peak is in comparison to other local peaks.

Figure 8 (a) shows an example depth image of a grape cluster in the eld, with the peaks detected
by the persistence algorithm overlaid as white crosses. The algorithm is capable of detecting peaks that

correspond to individual grapes. However, it also identi es peaks that correspond to the edges of grapes,
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Figure 7: Block diagram showing the technique used for calculating the 3D coordinates of peaks in the depth map corresponding

to grapes.

leaves, stems, and netting. Figure 8 (b) shows the Signed Distance Field (SDF) of this depth map, which
was generated from a binary thresholded version of the depth map. This is utilized to remove peaks near
edges by disregarding peaks that are closer than 7 pixels to an edge, as shown in Figure 8 (c) and (d). This
threshold was chosen empirically to ensure only peaks close to the edge were removed and not those that
may belong to small grapes. Future work will need to explore methods for scaling this threshold according
to distance from the camera.

Manual analysis was performed for 50 of the scans of the grapes captured in the eld. The total number
of grapes visible in the images was manually counted. After which, peak locations were manually checked
to see how many of the peaks corresponded to grapes and how many did not. Figure 9 (a) shows a plot of
berries correctly detected (true positives) by the peak detection in depth maps relative to the total number
of grapes visible in the corresponding RGB images. ArR? value of 0.680 was obtained for the linear t
through this data. It can be seen that the technique underestimates the total number of grapes. Some
grapes on the edge of the cluster were not detected, presumably because the centres of those grapes were
occluded and therefore did not manifest as distinctive peaks in the depth map. In some cases, decreasing
the SDF ltering threshold might result in an increase in the number of peaks being detected at the edges
of the bunch. However, this will lead to an increase in the detection of peaks caused by other objects, such
as leaves and netting, being erroneously identi ed as grapes.

The algorithm has been e ective in eliminating most of the peaks that did not correspond to grapes.

However, some incorrect peaks were detected, such as those corresponding to the peduncle between berries
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Figure 8: These plots show the process of peak detection of a depth image captured in the eld for the grape bunch shown in
Figure 1. Plot (a) shows the peaks (white crosses) detected using persistence. Many peaks have been found on the netting in
the background. In Plot (b), these peaks are shown over the generated signed distance eld. Plot (c) shows the resulting peaks
after signed distance eld lItering was used with the aim of removing peaks not corresponding to grapes. Plot (d) shows these

Itered peaks overlaid on the colourised depth map.

and on the rachis. Figure 9 (b) shows a histogram of the precision. The precision is calculated for each
scan as the number of grapes correctly detected by the peak detection (true positives) divided by the total
number of peaks identi ed as grapes (true positives plus false positives). An average precision of 0.893 was
achieved.

The depth peak detection technique showed promise for automatically detecting grapes. However, it
showed some limitations as described above. Work was therefore performed to investigate whether improved
berry detection performance could be achieved by utilising the corresponding RGB images. This work is

described in the following section.
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Figure 9: Plot (a) shows the relationship between the number of grapes correctly detected using peak detection in the depth
maps relative to the total number of grapes counted manually in the corresponding RGB images. The identity line is shown

as a dotted line and the line of best t is shown in orange. Plot (b) shows a histogram of the precision.

4. Detection of individual berries in the RGB images

For this work, the popular YOLOV7 object detection model was chosen to facilitate the detection of
grapes in smartphone's RGB images [38]. This selection was based on its well-established performance for
object detection in complex images, as well as its pre-trained weights and open-source code that simpli es
training new classes [39]. Training of a YOLO model requires images labelled in the form of bounding boxes
around the object that the model is being trained to detect. This is traditionally done through supervised
training; a process of manually selecting the bounds that encompass each instance of the object in question
within an image. This process can be time-consuming, particularly for grape berry detection, which would
require selecting individual grape berries in a large number of images, and would need to be repeated
for distinct grape varieties [40]. Therefore, an automated technique was sought to perform unsupervised
training utilising grapes detected through depth maps. The block diagram shown in Figure 10 illustrates

the technique used to investigate this idea.

4.1. Dataset used for YOLO training

To reduce the potential of using false positives when automatically generating the bounding boxes, the
scans of grapes captured in the lab were used for training, see Figure 3. Due to the controlled environment,
the grape clusters could more easily be isolated from the image. The RGB images were downsampled to

have the same 640 480 pixel resolution as the depth maps.

4.1.1. Bounding box generation using depth map data
To automatically generate bounding boxes in the RGB images used for YOLO training, the corresponding

depth maps were employed. Firstly, the depth maps were Itered to isolate the grape clusters by removing
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Figure 10: Block diagram of the technique used to perform unsupervised training of a YOLOv7 model for detection of individual

berries in the RGB images using the estimated 3D coordinates from the depth maps.

points that were more than 300 mm away from the camera. This was chosen as the grapes were suspended
200 mm from the camera, and thus anything captured beyond 300 mm did not belong to the grape bunch.
Next, the same technique explained in Section 3 was employed to detect peaks in the depth maps that
corresponded to grapes. The con dence map with a threshold was applied to Iter the depth map, following
which the persistence algorithm was utilized to detect peaks. Finally, the signed distance eld was used to

eliminate peaks that were too close to the edges of the grape bunch.

4.1.2. Autoencoder based outlier rejection

As discussed in Section 3, the peak detection technique described would occasionally detect peaks that
did not correspond to grapes. Inspection of these peaks showed they often related to the peduncle visible
between berries or on the rachis where the clusters were hung. In each case, the erroneous peaks had
signi cantly di erent pro les than the true positives, which themselves had relatively uniform shapes. See
Figure 12 for examples of both cases. These false positives could in uence the YOLO training and it was
felt that a machine-learning technique could be used to detect these anomalies and lter out peaks that may
not correspond to the centres of grape berries.

It was decided that an autoencoder would be used to identify peaks in the depth map that may not

correspond to grapes. This decision was based on the idea that the autoencoder would be able to learn
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information about the shape of di erent grape peaks, such as scaling factors and symmetries, making it
e ective for identifying outliers [41].

To ensure e cient training and minimize over tting of potential outliers in the training set, the au-
toencoder's latent space was intentionally reduced in size. This reduction also aimed to prevent excessive
complexity without generating artifacts in the reconstructed images.

The autoencoder was implemented using TensorFlow in Python. Figure 11 shows a block diagram of
the autoencoder used in this work. The model consists of two parts: the encoder and the decoder. The
encoder maps the input image to a lower-dimensional representation, while the decoder maps the encoded

representation back to the original image.

Figure 11: Block diagram of the autoencoder convolutional neural network.

To feed the autoencoder, a 20 20 pixel sub-map was taken from the depth map centred on the location
of a detected peak, see Figure 12. This size was empirically chosen to be large enough to capture the
majority of a peak's surface but not so large that it gets con ated by the surface of neighbouring grapes.

In total, 33,844 of these sub-maps were generated and used to train the autoencoder. For convenience, each
sub-map was then upsampled to a 32 32 resolution to make it a power of two suitable for use with the
autoencoder.

The encoder takes the input image of size 32 32 1 and applies three convolutional layers with 8, 4,
and 2 lters respectively, each using a 4x4 kernel, stride of 2, and a ReLU activation function. This was
designed to reduce the image size by half in subsequent layers, creating an e ective encoding funnel for
dimensionality reduction without relying on large dense layers.

The decoder takes the encoded representation as input and reconstructs the original image. The decoder
starts with a fully connected layer with 32 units, followed by a reshape layer that transforms the output into
a 4x4x2 tensor. Then, three transposed convolutional layers with 4, 8, and 1 lIters, respectively, each using
a 4x4 kernel, a stride of 2, and the ReLU activation function, are applied to the tensor. The last transposed
convolutional layer has a sigmoid activation function, which maps the output to values between 0 and 1,
representing the pixel intensities of the reconstructed image. The model takes the encoded representation

as input and produces the reconstructed image as output. This model is trained using mean squared error
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Figure 12: Plot (a) shows the 20 20 pixel sub-maps shown as red boxes surrounding the detected peaks in the depth map
that are used as the inputs of the autoencoder. Plot (b) shows the average sub-map of the training set. Plot (c) shows an

example of an erroneous sub-map relating to the peduncle visible in a cluster.

as the loss function between the original image and the reconstructed image.

Through empirical evaluation, the above architecture demonstrated optimal performance given the de-
ned constraints and objectives. Decreasing the number of lters in each of the convolutional and transpose
convolutional layers caused noticeable blocky artifacts in the reconstructions. Similarly, reductions in the
latent space size (e.g., from 16x1 to 8x1) resulted in reconstructed images that exhibited similarity regardless
of the input shape. These observations informed the decision to strike a balance between reducing complex-
ity and preserving image delity. Future work will involve exploring alternative architectures to identify
optimal designs.

After training, the MSE value generated by the autoencoder can be used with a threshold to classify
if a peak corresponds to a grape or some other object (an anomaly). This threshold was determined by
assessing the distribution of MSE scores of every sub-map in the dataset and Itering using the Median
Absolute Deviation (MAD). The median of all scores was computed, and then the distance to this median
was computed for all sub-maps. The threshold was set to two times the median of these distances, see 13.
This allowed the autoencoder to be used as a strong Iter to remove potential outlier peaks that might not
correspond to the centre of the grapes.

The peaks remaining after the above lItering had been performed were then used to automatically
generate bounding boxes in the RGB images for YOLO training. The coordinates of the peaks in the depth
map were converted to coordinates in the corresponding RGB images using the stereo calibration parameters.
Bounding box coordinates in the RGB image were then calculated using a 50 50 pixel square centred on
the calculated peak location. This size was chosen to ensure that the grape was completely encompassed.
Additionally, a second class label and bounding box were generated for the entire grape cluster based on

the overall bounds of the detected grapes and an additional margin of 40 pixels.
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Figure 13: Plot (a) shows the distribution of mean square error (MSE) scores of all peaks that make up the training set for the
autoencoder. Plot (b) shows the autoencoder's distribution of absolute deviations from the median along with the threshold

used when applying these scores as a lter.

4.1.3. Background augmentation

A limitation of the lab-collected data set was that it did not include any images of leave or stems in them.
This would have resulted in the YOLOv7 model not being applicable to the eld trails. To address this,
for each of the original turntable RGB images, two additional background-augmented images were added
to the training data set. Each augmented RGB image was generated by taking an original turntable RGB
image, isolating the grape bunch from the backgrounds using the depth map information, and overlaying
the extracted grape bunch image over an RGB image captured of a grapevine randomly selected from a set
of 120 images. The labels for the original source image were directly applied to these augmented images as
the grape cluster itself remained unchanged. Examples of the two resulting images for one particular source

image are shown in Figure 14.

4.2. YOLO Training

The dataset used to train and test the YOLOv7 model consisted of 3186 images labelled with grapes and
grape clusters. The dataset was split into a training set (60%), a validation set (20%) and a test set (20%).
The training process followed the method described in the o cial repository [39]. The default con guration
parameters were used, and the training process was initiated with pre-trained weights provided in the o cial
repository as \yolov7.pt". To keep memory requirements low, a batch size of 8 was used for training. The
training process was run for a total of 20 epochs, and although more epochs were explored, no signi cant
improvement was observed. The training process was completed in 0.615 hours using an Nvidia RTX 3090.

Refer to Figure 15 for plots of the training results.
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Figure 14: Images of grapes captured on the turntable in the lab with images of leaves and vines added to the background.

4.3. YOLO results

The trained YOLO model was utilized to detect grapes in the RGB images captured in the eld. Figure
16 presents examples of the detected grapes using the trained model. Most visible grape berries are accu-
rately identi ed, although detection accuracy diminishes for out-of-focus grape bunches in the background.
Additionally, some grape berries at the edge of the bunch remain undetected. Incorrect detection of netting,
vines, or leaves as berries in the background also occur. Another issue arises when withered grapes are
mistakenly identi ed as multiple grapes, as seen in 16 (c). This can be attributed to the absence of withered
grapes during the YOLO model training process.

To evaluate the performance of YOLO for detecting individual berries, 50 eld trial RGB images were
randomly selected for manual analysis. (Note these RGB images corresponded to the same depth maps used
for manual analysis of the depth peak detection technique shown in Figure 9.) These had a grape bunch
centred in the image. Other grape bunches in the background were ignored in the analysis since generally
either only a part of these secondary grape bunches could be seen or they were out of focus in the RGB
images. Manual counting was then performed for the central grape bunch of the number of berries correctly
and incorrectly detected by the YOLO model. These were then compared with the total number of grapes
able to be manually counted in the grape bunch.

Figure 17 (a) compares the number of berries correctly detected using the YOLO model (true positives) to
the total number of berries visible for each of the main grape bunches. There is a systematic underestimation
of the number of berries counted using YOLO. Observations suggest that this is mainly due to missed grapes

around the outside of the grape bunch, many of which have only a fraction of a berry visible. The t through
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Figure 15: Results of YOLOV?7 training over 20 epochs.

the data has aR? value of 0.946 and shows an increasing deviation from the one-to-one line as the number
of berries in the cluster increase.

Figure 17 (b) shows a histogram of the precision. The precision for each scan is calculated from the
number of berries counted by YOLO (true positives) divided by the sum of the total humber of berries
detected by YOLO (true positives + false positives). An average precision of 0.970 was achieved. The
number of false positives within the bounded box selected by YOLO as the main grape bunch was 2.9% of
the total number of visible grapes in the main bunch with only 12% of the images having more than 3 false

positives.

4.4. Location of YOLO detections in 3D

The process of projecting the detected grape locations in an RGB image into 3D space is achieved
by reversing the mapping process discussed in Section 2.2.1 to identify the closest corresponding depth
pixel coordinate. However, due to di erences in perspective and the way peaks align with the direction of
measurement, these projected locations do not necessarily correspond to peaks in the point cloud. A seen in
Figure 6 the peaks are the closes to the true surface of the grape. Therefore, using points from other areas
on the surface will lead to signi cant errors in depth and subsequent estimated grape location.

To address this, a gradient descent technique was used to move the detected grape locations to the peaks
in the depth map before projection. (Note that \gradient descent” is used rather than \gradient ascent"
since the peaks were towards the camera and hence had lower depth values.) Speci cally, the depth map

scan of the grape bunch was Itered by removing pixels with corresponding con dence map values less than
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Figure 16: Example photos from the eld of grapes with YOLO detection of individual grapes berries overlaid as white crosses
and con dence values. Also shown as magenta boxes is the YOLO detection of grape bunches. Plot (c) presents one of the

more challenging images in the dataset where multiple withered grapes are visible and the trunk has been incorrectly labelled.

50% and smoothed using a 5 5 sliding average kernel. This re ects the con dence thresholding used earlier.
An iterative gradient descent technique was then employed to move the grape locations to the top of the
peaks. The 5x5 Iter was selected empirically to provide suitable noise reduction ensuring the descent will
not get stuck in small local minima but also retains de nition so that individual peaks can be found. The
e ectiveness of this technique in improving the accuracy of grape location detection is illustrated in Figure
7.

The gradient descent algorithm adjusts the depth pixel location iteratively using the following formula:

Pi+1 = Pi r J(pi) (5)

wherep, is the pixel coordinate at the i!" iteration, = 0:5 is the traversal rate, andr J (p;) is the gradient
of the smoothed depth mapJ evaluated at coordinate p;. This traversal rate was chosen empirically due
to its stability and rate of convergence. Values signi cantly greater than this caused instabilities and values
smaller caused convergence to take longer.

The gradient of the smoothed depth map with respect to thex and y axes is computed as follows:

@ _ J(y;ix+1) J(yix 1)

a@x 3 (6)
@ _J(y+1;x) J(y Lx)
@y 2 o

where J (y; x) is the value of the smoothed depth map at pixel location §; x). The pixel location is updated

using the gradient descent formula until the algorithm terminates:
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Figure 17: Plot (a) shows the number of grapes correctly detected by YOLO versus the number manually identi ed in the
photos for 50 grape bunches. The identity line is shown as a dotted line and the line of best t is shown in orange. Plot (b)

shows a histogram of the precision.
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This was repeated for 50 iterations in order to move the berry location to the top of the nearest peak, see

Pi+1 = Pi 8)

Figure 18. In all tested cases, this number of iterations was suitable to reach convergence. In cases where
the traversal distance exceeded 15 pixels, the original coordinate was kept to prevent convergence on peaks
too distant. This threshold was empirically determined to give the best results across the dataset.

In the majority of situations, this technique works well. However, in some edge cases, problems can
show up. Some clear examples of these are demonstrated in Figure 18b. In some cases, the gradient descent
process will cause multiple berry predictions to converge to the same peak within the depth map. This
appears to happen most prominently on grapes that are occluded by a nearby grape causing the gradient to
be stronger towards the peak of the occluding grape. In other cases, predictions of grapes behind the primary
cluster (see the top right) ascend into the primary cluster. This is more common on grapes identi ed to the
right and behind the primary cluster due to the parallax shift between the colour and depth sensors. This
convergence behaviour also may help in some situations where the YOLO model predicts multiple grapes
where only one exists. In this case, these predictions will converge to the same peak in the depth map. How
these limitations can be solved or exploited will be the focus of future work.

Figure 19 compares the scans captured using the depth peak detection technique described in Section 3
and YOLO. We can see in the RGB image that there are slight di erences between where the two methods
have identi ed the location of the berries to be. However, for the 3D plot, gradient descent has been used to
move the YOLO berry locations to the depth peaks. This results in similar berry locations being obtained

using both methods for the 3D point cloud.
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Figure 18: Plots showing cropped versions of the depth maps corresponding to the grape bunches shown in Figure 16. The red
lines show the path taken using the gradient descent technique to move from the berry locations obtained by YOLO to the

peaks in the depth map, which are shown as white crosses.

(@) (b)

Figure 19: Cropped versions of the corresponding photo (a) and colourised depth map (b) of a grape bunch. Overlaid are the
detected berry locations obtained using depth peak detection (red crosses) and the YOLO model (blue crosses). For the depth

map, the YOLO berry locations were moved to local peaks using gradient descent.
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5. Modelling of grape bunches

For grape yield estimation, it is desirable not only to count the number of grapes but also to be able
to estimate the size of individual grapes so that grape volume can be estimated. This is particularly the
case for grape varieties that typically have a wide range of berry diameters. The grapes used in this trial
had a \hen and chicken" (Millerandage) e ect where some grapes were smaller than others. Knowing the
size distribution of grapes is a useful metric for e ective vineyard management [42, 13]. Additionally, it is
desirable to know the 3D structure of the grapes to allow better estimation of the total grape bunch volume
and allow merging of scans of a grape bunch from multiple angles. Initial work was therefore conducted to

estimate the size of the grapes detected and also construct a 3D model of the visible grapes.

5.1. Estimation of berry size from RGB images

The size of individual grape berries was detected from the RGB images using Hough transform circle
detection. Initial trials using this technique over the entire RGB image gave poor results and were sensitive
to hyper-parameter tuning; a limitation observed in existing works [17, 18, 21]. Therefore, a two-step process
was adopted that exploits the available understanding of where berries are located. For each berry location
detected by the YOLO model, a 480 480 pixel sub-image was extracted from the original high resolution
4032 3024 colour image, see Figure 20. This is similar to the technique that was used by Miao et al. [15].

This sub-image was converted to grayscale and edge detection was performed using a Sobel kernel. This
kernel was then used to nd the gradient at each pixel in theX and Y axes and the magnitude of these two
obtained. Circles were then detected using a Hough transform. In cases where multiple distinct circles were
detected, the circle closest to the berry location detected by the YOLO model was used. The process was
repeated for all detected berry locations, see Figure 21.

The radius of the detected circles in pixels was able to be converted to a physical radius estimate using
the knowledge of the distance of the camera from the grapes given by the depth camera and the camera
calibration parameters. Similarly, the 3D location of each grape was also able to be estimated by projecting
the YOLO detected locations onto the depth map using the process discussed in Section 4.4.

This information allowed a 3D model of the visible portion of the grape bunch to be generated. Spheres
corresponding to the grapes were generated using their estimated size and 3D locations. This was done
under the assumption that the peak found in the depth map corresponds to the closest point on the grape's
surface to the camera. Furthermore, each grape can be modelled as a sphere where the point representing
the peak is one of a pair of antipodal points, which, together with the camera origin and centre of the sphere,

form a collinear set.

Ci=Xi+dir ()]
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Figure 20: Photos (a), (c) and (e) show example RGB images that have been automatically cropped to be centred on a
berry location identi ed by YOLO. Plots (b), (d) and (f) show the corresponding Sobel magnitude versions that emphasise

edges. Overlaid are the detected circles obtained using a Hough transform on the Sobel ltered images. It can be seen that
underestimation in the sizing of the grapes occurred due to factors such as the elliptical shape of the grapes and occlusion by

neighboring grapes.

where X is the 3D position of the detected peak,r; is the radius of the sphere identi ed using circle
detection, and d; is the normalized direction vector from the origin to the detected peak given by

X
X

di = (10)

Refer to Figure 22 for an example of a 3D model obtained using this technique overlain over the coloured
3D scan of the grapes generated from the depth and colour camera data.

This circle- tting technique gives an approximation of the sizes of the grapes using the RGB images.
However, errors can also be caused by the circles tting to other features in the image such as the edge of
another grape or colour changes on the surface of the grape. Also, many of the grapes appear as ellipses
in the image rather than circles, which can lead to size estimation errors. Manual inspection of the tted
circles over the RGB images indicated that the circle tting predominately resulted in some degree of
underestimation compared to the true grape size. Refer to Figure 20 (c) and (e) for examples of this. Future
work should explore using more advanced techniques such as the Holistically nested Edge Detection (HED)
and ellipse tting technique described in the work by Miao et al. [15].

These issues raised the question of if it is possible to estimate the size of the grapes without measuring

their size from the image. The following section investigates this in more detail.
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Figure 21: Sizing of grapes using circle detection.

5.2. Estimating berry size using depth

A technigue was developed that estimates the size of the grapes and generates a 3D model using the
identi ed locations of the grapes and the depth scan data rather than measuring the grape size from colour
images. This approach works under the assumption that grape clusters are tightly packed and that they
can be approximated as overlapping spheres. We also assume that the amount of overlap is proportional to
their size.

Modelling of the 3D shape of the part of the grape bunch visible to the cameras was performed by
creating a sphere for each grape using the method discussed in the previous section. To estimate the size of
the grapes, the size of each sphere was iteratively adjusted with the aim of optimising the overlap between
neighbouring spheres and limiting the maximum size to be within a limit realistic for grapes.

We want to optimize the maximum overlap distance between the sphere being optimised and the neigh-
bouring spheres while keeping the maximum radius ,ax Of each sphere under a limit. For this work, this
maximum radius was chosen to be 10 mm to ensure enough range to capture the largest berries we could
expect in a bunch of Chardonnay grapes.

The maximum overlap of the iy, sphere with its kg, neighbour is determined by
i=maxf(ri ry) f(i;k)g:fork=1;:::;N; (12)

wheref (i; k) is a function that returns the distance between the centres of thely, and ky, spheres, andN is
the total number of spheres. For each iteration, the algorithm calculates a change in radius r;, for the i
sphere based on the maximum overlap with neighbouring spheres. If the maximum overlap,; is less than

50% of the sphere's current radius and the sphere's radius is less than,.x, then the radius is increased
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Figure 22: Example of the 3D modelling of the grape bunch overlaid onto the colourised depth map shown in Figure 5. Plot
(a) and (b) respectively show opague and semi-transparent versions of the modelled spheres with diameters obtained using the

circle tting technique.

by a xed amount of r =0:2 mm. However, if the maximum overlap is larger than 50% of the sphere's
current radius or the radius is overrmna , then the radius is decreased by 10% of the current overlap. This

can be expressed as 8 9
0:2; for | O:SrE
andri  rmax®

§ 0:1;; for ;> O:SrE

Oorri >r max’

r = (12)

These thresholds and step sizes were chosen from empirical testing to help the simulation converge swiftly
while also being stable. The 50% overlap threshold attempts to capture the squishing behaviour observed in
the tightly grouped chardonnay bunches at the particular stage of development that images were captured.
Di erent thresholds can be used to achieve di erent results and more work will need to be done to explore
its impact on the simulations accuracy for di erent cultivars or stages of growth.

The simulation is run for a xed number Nj,, Of iterations to ensure convergence. Changing the radius
causes the position of the sphere to change, see Equation 9. Therefore, two passes over the spheres are
conducted for each iteration. The rst calculates r; for each sphere, and the second applies this change
and updates the centre of the sphere per Equation 9. The change in radius is applied to calculate the
updated centre as follows

Cil +1]=di( ri+rij)+ X; (13)
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wherej (j =1;:::;Njer 1) is the current iteration.

In this way, the position of the sphere is constrained by the relationship between its size and the amount
of overlap with neighbouring spheres. The sphere will grow or shrink as necessary to avoid excessive overlap
with neighbouring spheres, but it cannot exceed the maximum radius speci ed. The size of the spheres can
then be used to estimate the size of the grape berries.

Refer to Figure 23 for an example of a model of a grape bunch using this technique. This method shows
similar results compared to those obtained using the circle tting technique shown in Figure 22. However,
the resulting 3D scan does appear to be more accurate than the circle size approach when compared to the

underlying colour image.

(@) (b)

Figure 23: Plots (a) and (b) respectively show opaque and semi-transparent versions of a 3D modelling of grapes generated by
growing spheres at the location of grapes obtained from the peaks in the depth map. These are overlain over a 3D depth map

scan of the grape bunch.

5.3. Comparison of grape sizes obtained using the RGB circle detection and depth techniques

Figure 24 presents a comparison of the grape sizes obtained using Hough transform circle tting technique
with those obtained using the depth technique for the grape bunch presented in Figures 22 and 23. It can be
seen that the radii obtained using the RGB method was systematically lower than that obtained using the
depth method. This is in line with expectations since the circle tting tended to t to one end of the ellipsoid
shape of the grapes causing an systematic underestimation of the grape sizes, as illustrated in Figure 20 (c -
f). Additionally, the distribution of these underestimations changes throughout the grape bunch depending
on the shape or occlusion of individual berries. This explains some of the outliers present in the data and

by extension the low correlation. In two cases, the simulated grape sizes have reached the maximum allowed
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by the simulation, 10 mm. This indicates that those grapes were oating and did not have nearby grapes to
constrain their size. In such a case, it may be more correct to use the RGB size estimations or a combination
of the two. More work is needed to evaluate the performance of both of these methods against ground truth

data and explore opportunities to combine both techniques for a robust solution.

Figure 24: Comparison of the sizes of grapes obtained from circle detection in RGB images compared to those obtained using

the peaks in the depth maps. The identity line is shown as a dotted line and the line of best t is shown in red.

6. Conclusion

An Android app was developed for a Samsung Note 10+ smartphone to capture RGB images and depth
and con dence maps simultaneously from its colour and ToF depth cameras. Stereo calibration of these two
cameras was then performed using a checkerboard pattern. This allowed projection from the depth map to
the corresponding RGB image along with mapping from the RGB image back to the depth map. Coloured
3D point clouds were able to be generated from the RGB and depth data. The colour in these point clouds
was not utilised in this work but there is the potential for this to be used for improved results in future
work.

The smartphone was used in eld trials to perform scans of Chardonnay grapes in situ. Additionally,
measurements were taken in the lab with samples of grape bunches from the eld. A turntable was used to
capture scans of each of these grape bunches at a range of angles.

A technique was developed to automatically identify grape berries in the depth maps using peak detection.
This exploited the distortions in the ToF depth camera images due to di used scattering within the berries.
A persistence algorithm was used to detect peaks in the depth map. A signed distance eld Iter was

used to remove peaks at the edges of objects and those corresponding to netting or leaves. This technique
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successfully detected most of the visible grapes, though some were missing particularly at the edges. An
R? value of 0.68 was obtained for a linear t between the number of grapes visible in the RGB photos and
those correctly detected using the depth peak tting technique. An average precision of 0.893 was achieved.

Automatically identifying grape berries from peaks in the depth maps shows promise and further im-
provements could be made in future work. For example, the autoencoder that was developed for the YOLO
training could be used to help improve the rejection of peaks that do not correspond to grapes. Includ-
ing registered colour information in addition to depth could also help with improving the accuracy of this
peak detection technique. Convolutional Neural Networks (CNN) may also provide an e ective means of
classifying which peaks are grapes.

A YOLOv7 model was trained to detect grape berries in RGB images captured by the smartphone. The
dataset was constructed from lab-captured RGB and depth images. A technique was devised to facilitate
unsupervised training by leveraging the peaks detected in the corresponding depth maps. An autoencoder
was implemented to eliminate non-berry peaks, including those associated with visible rachis or peduncles.
To enhance the dataset's adaptability to outdoor environments, training images were augmented with diverse
foliage backgrounds through depth-based masking of grape clusters.

An R? value of 0.946 was achieved between a tting of the number of berries correctly detected by
YOLO and those manually counted in the RGB images and an average precision of 0.970 was achieved.
The t shows an underestimation in the number of berries detected by YOLO compared to those counted
manually in the images. However, the strong relationship suggests that linear compensation would be an
e ective method of correction. The grapes that were missed by YOLO were mainly those around the edges
of the grape bunch. This may be due to the fact that only a fraction of many of the berries on the edges
of the bunch are clearly visible due to occlusions by other berries. However, it could also partly be related
to the way the YOLO dataset was constructed and the low sensitivity of the peak detection process to
occluded grapes on the edge of clusters. This may have meant that the YOLO model did not have su cient
training for grapes at the edge of the bunch. In future work, the manual selection of bounding boxes around
berries missed by the peak detection could help improve the performance of the YOLO model in these cases.
Additional training to remove YOLO detection of withered-up grapes could also be performed.

The YOLO model also struggled with grape bunches in the background where the RGB image was out
of focus. In future work, this could be addressed using depth information by identifying the grape bunch of
interest and Itering YOLO-detected points that would be out of focus in the RGB image. The grape bunch
of interest could be identi ed based on its 3D position in the scan. Alternatively, one could manually click on
the grape bunch in an image when capturing the scan using the app. One could also remove some of the false
positives in the YOLO results using spatial ltering such as calculating the mean distance from the location
of each detected berry to that of its K-nearest neighbours. More support could also be given to YOLO

by producing augmented training data where grape bunches are blurred. Additionally, YOLO occasionally
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produced false positive results by incorrectly identifying items in the background, such as netting or leaves,
as grape berries. More varied background augmentations will help add robustness to these cases.

YOLO models are traditionally trained manually by labelling images by hand. However, this can be
very time-consuming. For individual grape berry detection, this training would need to be repeated for
di erent grape varieties. This is perhaps why only two works were found where YOLO has been used to
detect individual grape berries [15, 16]. The automated approach introduced in this research, designed for
unsupervised training of a YOLO model to detect grape berries, has the capacity to accelerate the training
of YOLO models for a variety of grape types. The results presented here showed good accuracy. However,
more work is heeded to compare the accuracy obtained using this technique with that obtained using the
traditional manual labelling method. Additionally, future work should investigate if adding manual labelling,
particularly around the edges of grape bunches, could help improve the accuracy of the automated technique
described in this work.

The berry locations detected by YOLO were able to be projected onto the depth map using the depth and
RGB camera stereo calibration parameters. However, these predicted berry locations were generally slightly
misaligned relative to the peaks in the depth map. A gradient descent technique was therefore developed
that moved the projected YOLO berry locations to the top of nearby peaks. A potential issue with this
approach is that it can result in two or more points detected by YOLO converging to the same 3D peak
location. This can be seen demonstrated in Figure 18 (b) where berries detected in the background have
ended up on a peak in the main bunch. Future work could investigate alternative methods of combining the
presented YOLO and peak-based detection methods to provide a more robust approach to berry detection
and ltering false positives.

Estimation of the size of grape berries in the grape bunches was performed with a two-step process.
Firstly, circles were detected in the RGB images at the grape locations obtained using the YOLO model.
Next, the physical size of each grape could be estimated from its size in the RGB image, the distance of the
grape from the camera calculated from the depth map, and the RGB camera's intrinsic parameters. This
eliminates the need for placing a reference object next to the grapes as has been used in previous works.

The generated size estimates were utilized to construct a 3D model of the grape bunch. By projecting
the YOLO-detected berry locations from the RGB image onto the corresponding depth map, appropriately
sized spheres were positioned at their respective 3D coordinates. Although this technique showed potential,
it often underestimated berry sizes in our observations. In future work, one could investigate tting ellipsoids
to the data rather than spheres, as demonstrated in reference [15]. However, employing ellipses introduces
additional hyper-parameters that signi cantly increase the transform space and may be in uenced by image
noise.

A sphere-growing optimisation technique was therefore developed to estimate the size of the berries in

a grape bunch without having to measure their sizes in the RGB images. This approach works under the
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assumption that grape clusters are tightly packed and that this can be approximated as overlapping spheres.
Spheres were placed as before with the sizes iteratively adjusting to optimise the overlap among the entire
cluster. This approach is sensitive to cases where grapes do not in reality touch other grapes or if some
grapes are missed by the YOLO model. Future work could look at combining size estimates from RGB
circle detection with this simulated approach as a method for constraining size expectations for each berry.

The results obtained using both the RGB and depths techniques showed promise. However, these results
are qualitative. More work is needed in the future to compare these results with ground truth measurements
of the physical sizes of the grape berries using callipers or scanning techniques such as laser scanners,
photogrammetry etc.

Further work is also needed to build an understanding of the grapes within the cluster not visible to the
camera. Past research has approximated these with a simple scaling factor. Our 3D models may also be
accurate enough to extend to a complete phenotype estimate of the hidden structure, a process typically used
with high-resolution 3D scans [27]. Additionally, scans from multiple angles may be able to be combined to
increase the proportion of the grape bunch able to be included in the modelling.

This work was performed using a Samsung Note 10+ smartphone. However, the techniques should extend
to any system that has a combined RGB camera and ToF or LIiDAR depth cameras. This includes a range
of modern smartphones from Apple and Android and low-cost depth camera systems that are currently
commercially available such as the Microsoft Azure Kinect DK. Additionally, the YOLO model is suitable
for berry detection with standalone RGB cameras without a smartphone for depth sensors.

The data used in this work was for Chardonnay grapes which are green in colour. Initial lab-based trials
were also performed on red table grapes, though the results are not presented here. Similar peaks were
observed in the ToF depth maps captured of these red grapes compared to those presented in this work.
This leads to some con dence that the technique would be extendable to other grape varieties. However,
additional experiments with di erent grape varieties would be bene cial.

The eld trials were performed on the grapes approximately two weeks before harvest. It is bene cial
for growers to perform yield estimation measurements at this stage of growth so that they can estimate
the volume of grapes that will be harvested, etc. However, it is also desirable to be able to perform yield
estimations at di erent stages of grape maturity. It is likely that the di used scattering within the grapes
that is causing the peak distortion may change with grape maturity. Therefore, it would be desirable in

future work to perform further trials of grapes at a range of maturity levels.
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Occluded Grape Cluster Detection and Vine Canopy Visualisation Using an
Ultrasonic Phased Array

Baden Parr, Mathew Legg, Fakhrul Alam

Department of Mechanical and Electrical Engineering, Massey University, Auckland, New Zealand

Abstract

Grape yield estimation has traditionally been performed using manual techniques. However, these tend
to be labour intensive and can be inaccurate. Computer vision techniques have therefore been developed
for automated grape yield estimation. However, errors occur when grapes are occluded by leaves, other
bunches, etc. Synthetic aperture radar has been investigated to allow imaging through leaves to detect
occluded grapes. However, such equipment can be expensive. This paper investigates the potential for
using ultrasound to image through leaves and identify occluded grapes. A highly directional low frequency
ultrasonic array composed of ultrasonic air-coupled transducers and microphones is used to image grapes
through leaves. A fan is used to help di erentiate between ultrasonic re ections from grapes and leaves.
Improved resolution and detail are achieved with chirp excitation waveforms and near- eld focusing of
the array. The overestimation in grape volume estimation using ultrasound reduced from 222% to 112%
compared to the 3D scan obtained using photogrammetry or from 56% to 2.5% compared to a convex hull of
this 3D scan. This also has the added bene t of producing more accurate canopy volume estimations which
are important for common precision viticulture management processes such as variable rate applications.
Keywords: ultrasound, array, vine yield, canopy estimation, smart agriculture, nondestructive, remote

sensing

1. Introduction

The ability to accurately estimation grape yield is important because it allows viticulturist to plan, in-
crease pro tability, and improve the quality of the grapes produced. Yield estimation allows viticulturists to
implement precision agriculture techniques including crop thinning, variable rate applications, and selective
harvesting [1]. Traditionally, manual processes are used to estimate yield such as visual inspection and

cutting and weighing grapes within a section of the vineyard [2]. However, these manual processes can be
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time consuming and the generally low number of samples taken can lead to inaccurate estimations. There
is a need for an automated technique to accurately estimate grape yield.

Computer vision techniques have therefore been developed for automatically counting the number of
grapes visible in camera images, and a high accuracy has been reported [3]. However, one limitation is that
these techniques rely on being able to see the grapes. Errors in grape yield estimation occur where grapes
are occluded by leaves or other grape bunches [4]. This has been addressed by assuming a certain percentage
of grapes are occluded and compensating using a scaling factor [5]. However, this is not ideal and can lead
to errors. Another approach is to remove leaves from the grape vines which could cause occlusions [6, 7].
However, this can be laborious unless specialised machinery is available. In addition, we understand that
there are grape verities such as Gewdrztraminer where foliage is normally not removed. Occlusion is perhaps
the most signi cant unsolved issue for yield estimation using computer vision solutions.

One solution that has been suggested to address the issue of occlusion is microwave-based yield estimation
[8]. The high frequency radio waves are able to propagate through foliage and re ect o the grape clusters
behind. However, these devices are expensive and are not near commercial implementation. In this paper,
we explore a previously unexplored alternative technology, ultrasound, for image through the leaves and
detecting occluded grape bunches.

Within the eld of precision viticulture, there have been several studies that have used ultrasound to
map the outer leaf canopy shape for improved vineyard management. Gil et al. used three ultrasonic sen-
sors to independently measure the distance to the vine foliage from spray nozzles positioned at di erent
heights [9]. These transducers were positioned vertically in a line (tens of cm apart) and were operated
independently to measure the distance to the foliage at three di erent heights. They were not used as an
array. The closest distance reported by each sensor was used in real-time to control the application ow-
rate from the nozzles. The benet of this approach was veri ed by Llorens et al. who established that an
average of 58% saving of application volume was obtainable [10]. In addition to variable rate application,
independent scans taken over the growing season have been reported to have the potential to be an e ective
approach to monitoring vine vigour [11]. However, the e ectiveness of these studies was limited by their
use of ultrasonic transducers, which operated independently and not as arrays, to measure the distance
to the outer surface of the foliage. These individual transducers have had a relatively wide beamwidth,
and generally, the only information used from the re ected signal is the time of rst echo from the foliage
[11]. This results in low resolution imaging of the grapevine outer canopy and can give an overestimation
of the canopy volume due to a few outer leaves sticking out [12]. Further work by Llorens et al. com-
pared the same ultrasonic canopy measurements to a colocated 2D Light Detection and Ranging (LIDAR)
scanner, a common alternative approach [13]. They found that the precise directionality of the laser dis-
tance measurements resulted in signi cant improvement in canopy surface estimation, albeit at the cost of

a more complicated postprocessing procedure [14]. This highlights the utility that narrower beam-width
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ultrasonic sensors may o er.

Recent work by Palleja et al. utilised four ultrasonic transducers to generate a volumetric estimation of a
vine canopy using the signal envelope of multiple echoes [15, 16]. In a similar manner to Gil et al. [9], these
transducers were arranged vertically in a line with each transducer being spaced 45 cm apart. They were
not used as an array but as four transducers operating independently. However, the transducers employed
had a wide beam pattern and therefore poor imaging resolution. For busy scenes, an independent ultrasonic
transducer will be sensitive to multiple echoes from objects in a wide eld of view. This is bene cial for
applications such as a car reversing system where the system is only interested in the distance to the closest
object. However, for an imaging system where one wants to image through leaves, using a single ultrasonic
transducer will result in poor angular resolution. This is not desirable as it will make it hard to detect
structure behind the closest leaf, see Figure la. Traditionally, one might increase the directionality of
ultrasonic transmission by using transducers which are operational at high ultrasonic frequencies (several
hundred kHz). However, we anticipate that this would come at the expense of reduced penetration through
foliage and increased attenuation. These di culties may explain why no previous studies have been found
in the literature that have used ultrasound to image fruit occluded by leaves.

Arrays of ultrasonic transducers can be used to increase angular resolution
[17, 18]. Figure 1b shows how an array of ultrasonic transducers can achieve a higher angular resolu-
tion compared with a single transducer. This signi cantly improves the potential for imaging structure
behind the outer leaves. However, no previous study has been found which has used ultrasonic arrays to
image any type of foliage apart from the authors' work with pasture in references [20, 19].

In this study, we present the rst work where an ultrasonic array has been used to image grapes and
foliage. To achieve an adequate angular resolution at lower ultrasonic frequencies 60 kHz), we have
utilised a novel air-coupled ultrasonic array developed by the authors [19, 20]. Another issue with using low
ultrasonic frequencies is the low depth resolution due to the large wavelengths and ringing of the transducers
[21]. This has been addressed in this work using coded waveforms, cross-correlation, and operating away
from the transducers' resonant frequency. Ultrasonic arrays and coded waveforms have not been used before
in precision viticulture.

The high spatial and depth resolution from the array allowed the echoes from grapes and leaves to
be separated. However, the ultrasonic echoes from leaves and grapes appeared to be identical. This was
addressed by making multiple ultrasonic measurements at the same location while lightly agitating the leaves
with a fan directed at the measurement area. Since the leaves moved while the heavier grapes remained
stationary, the mean and variance the ultrasonic measurements could be used to identify the grape bunch.

Initially, imaging was performed with the array focused in the far- eld. Work was then undertaken
to investigate the improvement in imaging resolution using near- eld focusing of the array. This includes

a novel technique to compensate the cross-correlation for near- eld defocusing of the transmitted signal.
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Figure 1: A single ultrasonic transducer (not an array) with a wide beamwidth can struggle to image objects behind the front
leaves, as illustrates in diagram ( a). In contrast, diagram ( b) illustrates how an ultrasonic array such as used in this work (see
Figure 2 for a photo) with a narrow beamwidth can provide improved ability to image at multiple depths behind the front

leaves.

The improved spatial resolution in the resulting volumetric scans will be a benet for precision viticul-
ture management processes such as variable rate applications where an accurate understanding of the vine
canopy is vital.

This paper has the following signi cant contributions to knowledge. It is the rst work to use an air-
coupled ultrasonic phased array and coded waveforms for the purpose of analysing vine canopies. It is also
the rst study to investigate if it is possible to use ultrasound to image through leaves, to detect fruit located
behind leaves, and to di erentiate echoes that come from leaves through agitation. In addition, we present
a new technique for improving the resolution of the array based cross-correlation for near- eld echoes. This
approach simulates the e ect of focusing the transmission of the array at any desired depth in postprocessing.
This eliminates the need for the complex electronics required for focusing the array's transmission to a desired

scan depth. Some preliminary results of this work were presented in the conference paper [22].
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Figure 2: Photo of the ultrasonic array's main PCB. The transducers (silver squares) and microphones (located behind holes)
are arranged in a multiarm spiral pattern forming rings. One of the microphone spirals arms is illustrated by a white dashed
line while the two outer rings of microphones and transducers are shown as red dashed lines.

The paper is organised as follows. Section 2 introduces the ultrasonic array hardware and measurement
parameters used in this work. The experimental setup and measurement procedure are described in Section 3.
The signal processing applied to the array data for imaging grapes is then presented in Section 4. Sections 5
and 6 provide results for the array focused in the far- eld and near- eld respectively. Finally, in Section 7,

we end the paper with some nal points and a discussion about future directions that can be taken.

2. Ultrasonic Array

Figure 2 shows the ultrasonic array thas has been used in this work. This was custom designed and built
by the authors for precision agriculture requirements. A full description of this array is given in reference
[19]. It has optimised spiral arrays of 160 ultrasonic transducers and 204 microphones, which are arranged
into rings. The transducers are surface mounted to the front of the array PCB. In contrast, the MEMS
microphones (which can operate at ultrasonic frequencies) are surface mounted to the back of the PCB with
holes passing though the PCB to allow the acoustic signal to be measured. The radius of the transducer
and microphone rings are given in Table 1.

The microphone array had 12 independent rings of microphones. All the microphones in a ring were
connected in parallel and then captured by one of 12 simultaneous sampling Analogue to Digital Converter

(ADC) channels of a Data Translation DT9836 module [23], refer to Figure 12b in reference [19]. A sampling
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Table 1: Radii of microphone and transducer rings.

Ring Number Microphone (mm) Transducer (mm)
1 15.0 9.0
2 20.3 31.0
3 25.7 36.4
4 31.0 41.8
5 36.4 47.3
6 41.8 52.8
7 47.3 58.3
8 52.8 63.8
9 58.3 69.4
10 63.8 75.0
11 69.4
12 75.0

rate of 225 kHz and a resolution of 16 bits were used. Note that since all 12 microphone ring channels were
saved to le, it was possible to dynamically change the focus distance of the reception in postprocessing
using beamforming.

The transducers used in the array were surface mount air-coupled transducers which had a resonance
frequency of 40 kHz and a frequency response which dropped from this peak by about 20 dB at 25 kHz and
60 kHz on either side. The measured frequency response can be seen in Figure 3. Although the transmission
gain is highest around 40 kHz, the transducers have a tenancy to ring at this resonance frequency, which
is undesirable if cross-correlation is being used to improved depth resolution. We therefore operate them
at frequency ranges on either side of the resonant peak (e.g. 20{35 kHz and 45{60 kHz). The transducers
were arranged in 10 rings. The DT9836 board's two Digital to Analogue (DAC) channels were used to drive
the 10 rings (half of the rings for each DAC channel) through two power ampli ers, refer to Figure 12a in
reference [19]. These had an output sampling rate of 500 kHz and resolution of 16 bit and were synced with
the ADC channels. Data acquisition software was written in MATLAB to transmit the signal and capture
the resulting echoes using the DT9836 board.

The same excitation signal (a linear chirp) was applied to all the transducers. Since the array was
planar (on a at PCB), this meant that it was e ectively using far- eld beamforming with the transmission
focused at a point in front of the array at in nity. Near- eld focusing was not possible for transmission since

we did not have a separate DAC channel controlling each transducer ring. Figure 4 shows the measured
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Figure 3: The surface mount transducers frequency response that was measured using the microphone model that was used in

the array.

combined transmit/receive beam pattern of the array when the array is focused at in nity. This shows a
full beamwidth of 3.3 and a dynamic range of up to 33 dB. Please refer to reference [19] for details on how
this beam pattern was obtained. The array had a dead-zone of about 500 mm where the signal measured
by the receiver channels was dominated by the vibrations caused by the ultrasonic transmission. Objects
closer than this were hard to detect.

Air-coupled transducers generally achieve a high gain at the expense of ringing at the resonant frequency
of the transducer. As a result, digital codes such as Barker Codes or Maximum Length Sequence (MLS) with
sharp transitions can cause ringing and may not be reproduced correctly by the transducers. In contrast,
the lack of sharp temporal transitions for a chirp waveform means that it is less prone to exciting ringing of
the transducer compared with some other waveforms.

The transmit linear chirp signal applied to the transducers can be described by

ynl= Wil sin 2 fo t+ 5 TT M)

where t[n] is the time of the ny, transmit sample, fq is the start frequency att =0, is the bandwidth,
is the pulse duration, and W is a Hamming window [24].

A chirp excitation signal was chosen as it can be used with cross-correlation to improve the depth reso-
lution. After testing, a linear chirp with a duration of 1.5 ms and bandwidth of 45 to 60 kHz was chosen.
This transmitted signal was veri ed through independent recording using a calibrated microphone (GRAS
46BF-1 1/4 inch). The signal time and frequency domain representations can be seen in Figure 5. The small

time delay is due to the separation between the transducer and microphone. The 1.5 ms duration chirp
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Figure 4: Plot of the measured array beam pattern (combining transmission and reception) for a

35 kHz sine wave using a 40 mm diameter re ector at 805 mm distance from the array.

appeared to provide improved cross-correlation resolution compared to a shorter duration chirp. The fre-
quency bandwidth was chosen based on the frequency response of the transducers, which have a usable
frequency range between 25 kHz and 60 kHz and a resonant frequency of 40 kHz, see Figure 3. To avoid
ringing at this resonant frequency, the chirp used a frequency range from 45 to 60 kHz. It was also felt
that this frequency range gave slightly better depth resolution than the 25{35 kHz range due to the smaller
wavelength. The attenuation experienced by the ultrasound as it travels through the air can be calculated
using the atmospheric absorption model given by International Standard I1SO 9613-1:1993 [25]. It can be
shown that at a standard atmospheric pressure, a temperature of 2@ and 50% humidity at 60 kHz this is
about 1.98 dB/m. For practical operation in a vineyard, the width of the rows limits the operating distance

to about 1 meter. Over this distance, the attenuation is negligible.
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Figure 5: Plots showing ( a) the ultrasonic chirp transmit signal as recorded by a calibrated microphone (GRAS 46BF-1 1/4
inch), and ( b) its corresponding frequency domain representation. The small peak seen at 40 kHz is a result of ringing at the

transducers' fundamental frequency.

3. Experimental Set-up and Procedure

The ability of the array for detecting grapes was evaluated using a 2D Computer Numerical Controlled
(CNC) gantry system. This CNC had a range of motion of 1.4 1.4 m and a resolution of 0.025 mm. Ideally
the array would have been mounted to the CNC machine. However, the array was originally designed for
operation from a farm vehicle and was too heavy in its current mounting. Instead a grape vine was mounted
directly to the CNC machine. The grapes were xed to 3 mm rods. This was done to reduce the amount of
movement when the CNC was moving and to minimise re ections from this support. The vine was mounted
to a bamboo pole and its roots were surrounded by a plastic bag with most of the soil removed to reduce
weight. Refer to Figure 6 for a photo of the setup.

Initially acoustic foam had been placed behind the CNC to dampen echoes from the wall behind, as shown

in Figure 6. However, subsequent measurements were made with the foam removed and no noticeable
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Figure 6: Photo showing the experimental setup with the grapes located behind a vine that is attached to a Computer Numerical

Controlled (CNC) machine.

di erence in measurement performance was observed. This was expected as the array has a highly directional
beamwidth and as a result is very insensitive to re ections outside its eld of view, as shown in Figure 4.
This shows that in a eld environment such precautions would not be necessary.

The experimental setup and measurement scan volume are illustrated in Figure 7. The ultrasonic trans-
ducer was positioned facing the CNC machine at a distance of 1100 mm in front of the grapes. Measurements
were made over a 460 400 mm wide grid with a spatial separation between ultrasonic measurements of 20
and 50 mm in the x and y axis respectively. This gave 216 measurement points. Between each ultrasonic
measurement, the CNC was paused 3 seconds to allow time for the vine and grapes to stop moving before
ultrasonic measurements were made. This measurement procedure was repeated for each of the types of
scans described below.

It was anticipated that it would be challenging to di erentiate echoes from leaves from that of grape
bunches. To try to address this, ultrasonic measurements were therefore made with a fan lightly agitating
the leaves, while the heavier grape bunches remained stationary. This agitation could be achieved in the
eld using a fan or even possibly utilising naturally occurring wind.

The following sets of ultrasonic measurements were therefore made for (a) grapes only with no vine
present, (b) both grapes and vine with no fan, and (c) grapes and vine with the fan operating. The fan was
was pointed in front of the array and used to lightly agitate the vine leaves. Using a handheld anemometer,
the wind-speed at the location of the vine-foliage was measured to be 2.5 m/s. More work is needed in the

future to investigate the relationship between air-speed and the resulting agitation performance.
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Figure 7: Diagram of the experimental setup showing the grapevine and grape bunch suspended from the CNC machine in

front of the ultrasonic array and volume of area where ultrasonic measurements were performed.

3.1. Measurement of Grape Volume Using Photogrammetry

In Sections 5 and 6, the ultrasonic measurements are processed to provide an estimate of the volume
of the grapes. To provide a comparison (ground truth), the volume of the grapes needed to be measured
using an alternative technique. A photogrammetry process was therefore used to construct an accurate 3D
scan of the grape cluster. This was achieved by using Agisoft Metashape Professional v1.5.2 to process 30
images captured by a Sony A6300 covering the grape cluster from all sides. The resulting scan can be seen
in conjunction with a convex hull approximation in Figure 8.

We have used a convex hull as it o ers a representation closer in likeness to the results of this acoustic
scan, in that, the concave details of the individual grapes are removed. The convex hull was computed using

the convex hull tool in Meshlab 2020.07. The volume of the 3D scan and convex hull are given in Table 2.
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() (b)

Figure 8: Renders of the 3D scan (a) of the grape cluster constructed using photogrammetry and the corresponding convex
hull ( b) created in MeshLab 2020.07.

Table 2: Grape volume measured using photogrammetry.

3D Scan Convex Hull

Grape volume [ml] 580 1200

4. Processing Array Data

4.1. Beamforming to Improve Spatial Resolution

An array of ultrasonic sensors can achieve much higher resolution than can be achieved from a single
ultrasonic sensor [26, 27]. For reception (RX), this was achieved by combining the 12 microphone receiver
channel signals into a single channel of data using beamforming.

The echoes from objects were captured by thé1 = 12 microphone ring channels. The record duration
was 20 ms which corresponds to N = 4500 samples and a maximum resolvable depth of roughly 3.4 m.
The microphone data was stored as aN M ] matrix x, where the my, column corresponds to the data for
the my, microphone ring and is expressed ag, .

Figure 9 shows a CAD diagram of the ultrasonic array PCB with two of the microphone rings shown as
circles. The time delays required to focus the array in the near- eld at a pointz in front of the array are
also illustrated. The reception of the array can be focused at a desired distance along a line normal to
the centre of the array using beamforming, see Figure 9. To achieve this, a delay can be calculated for each
microphone ring using -

ri+z2 z

tm(2) = ——; )

c
wherer, is the radius of the my, microphone channel ring given Table 1, andc is the speed of sound in air.

We can convert this delay to an integer number of samples using

n(z) =roundf tn(z) fsg; 3)
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wheref s is sampling rate.

Figure 9: The di erence in path length and hence time delay t is illustrating in this diagram for two of the array rings when

focusing in the near- eld at a distance z in front of the array.

The [N  M] microphone channel data matrixx can be converted to alN 1] array of data x which is
focused at a distancez using delay and sum (time domain) beamforming
1 X
x]= o Xmld @)L 4

m=1
wheren is the sample index. See Figure 10a for an example of this summed signal. Note that adecomes
large the beamforming delays n go to zero. From Equation (4), we can therefore see that averaging all
12 microphone channels (no delays) focuses the array at in nity. This will be referred to here as far- eld
beamforming. A 40 kHz notch Iter was then applied to the resulting signal x to remove the ringing at the

transducers resonance frequency.
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Figure 10: Example plots showing ( a) the received signal with all the microphone rings averaged, and ( b) the corresponding

windowed RMS representation of the cross-correlated signal.

A problem with using time domain beamforming is that the delays that can be applied must be a multiple
of the sampling interval, see Equation (3). This can mean that unless the sampling rate is high, the focus
may not be accurate. An alternative technique is to use frequency domain beamforming since this does not
have this quantisation issue and can therefore be more accurate. Frequency domain beamforming can be

achieved by shifting the individual microphone channels using
Xem (I} tm(2)) = Xpn(1)€e 't @9 )

where X is the complex discrete Fourier transform of the recorded signal and is the angular frequencies
[28]. The phase shifted signal can then be converted back to the time domain using the inverse Fourier
transform and summed into a single beamformed channef.

There were 20 recordings made at each measurement location of the CNC, giving 20 setsxofvectors.
The average, and variance, 2 of these were then calculated element wise for each sample resulting in

[N 1] average and variance vectors.
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The beamformed signal will contain peaks corresponding to echoes from re ectors in front of the array.
The distance to the re ectors can be obtained by converting the timet,, when an echo peak occurs in the
signal to a distance using

d= Jc (6)

where c is the speed of sound. Note that the division of the time by 2 in this equation is due the fact that
the echo signal has to travel twice the distance from the array to the object. The speed of sound in air can

be approximated as r
T
= 1+ — 7
€= & 273 )

where T is the temperature in degrees Celsius and, = 331:5 m/s [29]. The ambient temperature was
measured using a temperature sensor included as part of the hardware. It was found to be 23 0.25 C
giving a speed of sound of 344.8 0.15 m/s. In an outdoors environment, the ambient temperature would
be expected to uctuate more. This would require the air temperature to be monitored closely to allow

real-time compensation for the speed of sound on distance measurements.

4.2. Cross-correlation to Improve Depth Resolution

The temporal/depth resolution of the system was improved using cross-correlation [30]. The cross-

correlation was calculated using

*
M [N] = [kKInhk n]; 8)

k=1
where h[n] is a ltered version of the signal y[n] applied to the transducers [31]. This lItered the signal to
simulate the frequency response of the transducers which is shown in Figure 3. An example of the result of

this process can be seen in Figure 10b where the two resolved echoes correspond to the leaves and grapes.

4.3. Correction for the Array's Transmission Being out of Focus

The above cross-correlation techniqgue assumes that the ultrasonic echoes from a point source located
directly in front of the array will result (after beamforming and averaging of the received signal) in a signal

that is a scaled and delayed version of the transmit signah. However, for a planar array, this is only
true if the array is correctly focused (correct beamforming time delays are applied for each transmission
and reception array channel). Incorrect focusing of the array will result in signal being received from a
point re ector that is distorted and not a scaled version of the transmit signal h. This distortion will cause
reduced e ciency/errors in the cross-correlation technique.

The reception of the array is able to be focused in postprocessing for any desired distance from the array
since each of the 12 microphone rings was sampled using an independent ADC channel. However, for the
transmission, this was not possible since the transducer rings were wired in parallel. Even, if the transmission

could have been focused (if they had an independent DAC and power ampli er per transducer ring), it would
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have only been possible to focus at one distance per transmission. Unlike reception, transmission focusing
cannot be done in postprocessing. This means that multiple transmissions would be required to allow
focusing at a range of distances in the scan volume.

To overcome these issues, a technique was therefore developed to correct for this near- eld distortion e ect
of the transmission in post process. Rather than using the signay (t) that was applied to the transducers

for cross-correlation, a new distorted version of this transmit signal was simulated using

X

yil= &yl dn@)] ©)

m=1
This distorted simulated signal was then bandpass Itered by the frequency response of the transducers
to give h[n] and used with Equation (8), the beamformed and averaged reception signal , to give the
cross-correlationr , [n] for any desired imaging distancez. For each scan, this process was repeated for a

range of distances. We have not been able to nd this technique being used before in the literature.

4.4. Estimating Volumes of Scattering Objects

The cross-correlation signal could be plotted as function of distance by converting sample times to
distance using Equation (6). A sliding window with a width of 26 samples and a 50% overlap was then
used to convert the cross-correlation data to an array of RMS values, where the distance separation between
RMS values was 10 mm. This RMS windowing technique was implemented over the scan volume of size 460

400 900 mm, as shown in Figure 11. Within this volume, 19,224 scan points were de ned by dividing

the volume up respectively into 24 9 89 uniformly spaced points.

Figure 11: Diagram showing the scan volume used for the RMS processing for grape and leaf detection.
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Isosurfaces are used to visualise the computed volumes using a threshold of 10% of the maximum RMS
for each scan. This results in a 3D surface representation of the volume that encompasses all points that have
a value at least 10% of the maximum RMS recorded. If this threshold were 0% then the isosurface would
represent the entire measurement volume. This threshold was empirically determined to best demonstrate
the response of the system. The numerical volume of each isosurface can be naively determined by treating
the grid points as voxel cuboids and counting those that are over this threshold within a given region. Each
voxel in this measurement corresponds to 20 50 10 mm = 10 mL. Other techniques for measuring the

volume could be investigated in the future such as mean-shift or k-means clustering [32].

5. Results for Far-Field Focusing of the Array

Scans were rst made without agitating the grapes with a fan and averaging of repeated samples. An ex-
ample of a resulting RMS isosurface can be seen in Figure 12. This shows two volumes corresponding to the

leaves with the grapes behind. This plot shows that the grapes can be detected behind leaves.

Figure 12: An plot showing an RMS isosurface plot for scans of a grape bunch (at about z = 1100 mm) and leaves (at about
z = 700 mm), where 20 averages were made of the measurement at each position. The 3D photogrammetry scan of the grapes
and the microphone (black dots) and transducer (red dots) arrays have been overlaid. It can be seen that the volume of the

leaves is signi cant.

5.1. Dierentiation of Leaves and Grapes

The measurements described above showed that the grapes and leaves could be detected using ultrasound.

However, this technique did not allow one to identify if the re ections were coming from leaves or grapes. We
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Table 3: Grape and foliage volume estimates using ultrasonic far- eld array focusing.

Static Averaged Variance Itered

(fan 0) (fan on) (fan on)
Grape volume [ml] 1660 1870 3500
Leaf volume [ml] 8510 3890 870

believed that agitating the leaves with a fan might allow this to be achieved. For each position of the CNC
machine, 20 recordings were made. The microphone signals from these recordings were averaged (equivalent
to far- eld beamforming) and the variance obtained.

Figure 13 shows the resulting isosurface plot after the ultrasonic echo signal had been Itered using
average and variance. The movement of the leaves resulted in an increased variance for the the leaves
compared to that of the grapes. This technique was able to remove almost all of the signal from the leaves
and identify the grapes. A further Iter could be added to remove isolated smaller isosurfaces that had an
area too small to be expected to be a grapes. Table 3 compares the estimated volumes of the grapes and

leaves using these techniques.

Figure 13: The isosurface plot was achieved using a fan to agitate the leaves and performing ltering of the signal using the
average and variance for 20 recordings. When comparing this plot with Figure 12, one can see that this technique allowed one

to mainly remove the echoes from the leaves.
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6. Results for Near- eld Focusing of the Array

The results shown this far present a potential process for the identi cation of grape clusters in the
presence of foliage. However, while promising, the results suggest that more resolution and detail of the
canopy can be obtained if the acoustic array had a narrower beamwidth. Although the inherent far- eld
beamwidth of the array is very narrow, it still diverges at roughly 3.3 degrees. At a distance of 1 m, this
equates to a circular cross section of around 58 mm, making it di cult to distinguish between tightly packed
objects. Decreasing this beamwidth further would improve the array's ability to reject re ected sound from
nearby objects. Near- eld focusing of the array could help improve imaging resolution and hence provide
more accurate representation of the scene resulting in a better understanding of the true canopy volume.

As discussed in Section 4.1, we can achieve near- eld focusing of the array using beamforming of the
microphone/receiver signal (RX beamforming). With this approach, the microphone receiver array can
be focused at a particular distance from the centre of the array, increasing sensitivity at that point and
reducing sensitivity to surrounding points. It will also minimise distortion of the signal, which will improve
cross-correlation performance. This focusing can be achieved by calculating the phase di erence of arrival
to each microphone from a sound wave re ected o an object at the focus distance. A corresponding
phase shift is then applied to each microphone channel's recording. The simulated beam patterns shown in
Figure 14 indicate that focusing the array in this way could improve the angular resolution substantially.
These beam patterns were generated by simulating the sound propagation from each transducer in the array
to a re ector situated at a perpendicular distance of 700 mm from the face of the array. The received signal
after processing is compared to the transmitted signal using the maximum cross-correlation as discussed in
Section 4.2. The resulting maximum correlation for each x position is shown in power form, normalised to 0
dB. The simulation shows a signi cant reduction in 3 dB beamwidth, from 44 mm to 17 mm, and reduced
sidelobes when the correct focus obtained with near- eld beamforming is used.

We could extend this process further by applying the same technique to the transmitted signal. As the
transducers also have a signi cant spatial separation, a synchronously transmitted waveform from each
ring of transducers, will reach a particular focus distance at slightly di erent times. This will cause the
apparent signal at that point to become distorted. Traditionally beamforming of transmission signal (TX
beamforming) would be performed before transmission to compensate for these delays and ensure the signal
reaches its target distance undistorted. The result of performing this TX beamforming is shown simulated
in Figure 14. It shows a marked improvement in 3dB beamwidth, from 44 mm to 16 mm when using both
RX and TX beamforming. Furthermore, sidelobes suppression is signi cantly improved, showing a 13 dB
improvement over just using RX beamforming.

RX beamforming provides a signi cant improvement to the arrays performance and can be applied to

a single recording for all distances in postprocessing. Unfortunately, traditional TX beamforming requires
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Figure 14: Simulated 60 kHz cross-correlation beam patterns for echoes from a point source re ector located 700 mm from
the array employing far- eld and near- eld beamforming for reception (RX) and transmission (TX). Shown in green is the

combined RX near- eld and TX distortion compensated beam pattern that was used in this study.

multiple transmissions to cover the entire depth range which makes it largely impractical for our situation.
These unique transmissions would take a considerable amount of time to perform and increases the com-
plexity of deploying a real-time system for use in vineyards. Furthermore, it removes the ability to evaluate

di erent focus distances after measurements are conducted. In some situations, it may be bene cial to
change the z-axis resolution to get a more detailed view of the scene. Additionally, TX-focusing requires
additional hardware in terms of an independent DAC and power ampli er per transmission ring.

To work around these limitations, in Section 4.3, we introduced a novel technique to compensate the
cross-correlation for the distortion that a ects a transmitted signal when it is not correctly focused. This has
the benet of being computed after capture during postprocessing, in conjunction with RX beamforming,
allowing for optimal results at all distances with a single scan. Equation (9) from Section 4.2 describes how
the distorted signal at a desired depth can be calculated to then enhance cross-correlation performance.
The simulated performance of this technique can be seen in Figure 14. The process results in a substantial
improvement over just using RX beamforming. Sidelobes see a further 4 dB of suppression and the3 dB
beamwidth is reduced from 18 to 16 mm. These improvements translate to more granular resolution in the
3D volumetric scans of grape vines. The narrower beamwidth should allow more detail to be captured of
the vines and the reduced sidelobes will reduce susceptibility to multipath interference from nearby foliage
and other re ectors.

If we repeat the process used to generate an RMS volume as discussed in Section 4.4, we can compute a
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Table 4: Grape and foliage volume estimates obtained using near- eld RX and TX focusing of the array for di erent types of

scans.

Averaged Variance Filtered
Grape volume [ml] 1230 1320
Leaf volume  [ml] 3470 280

comparable volumetric representation using the improved near- eld beamforming technique. The resulting
RMS volume shown in Figure 15 is presented as an isosurface with the threshold set to 10% of the maximum
RMS. A direct comparison can be made to the unfocused scan seen in Figure 12. As can be seen, there is
a signi cant increase in the level of detail in the 3D volume. The volume is less globular and more de ned.
Increasing observable detail of the structure of the vine canopy could lead to improved vineyard management

through more precise knowledge about foliage density and crop loading.

Figure 15: Isosurface visualisation of near- eld RX beamformed and TX distortion compensated acoustic scan with averaging

of 20 recordings at each scan point. The additional level of detail can be clearly seen in the focused RMS volume.

The re ections from the leaves can be mitigated in the focused scans using the technique described in
Section 5.1. A fan was used to agitate the leaves. Filtering was performed using averaging and variance.
Figure 16 shows the resulting isosurface plot. Table 4 compares the grape and foliage volumes obtained

using the near- eld focused techniques.
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Figure 16: Isosurface visualisation of near- eld RX beamformed and TX distortion compensated acoustic scan where echoes
from leaves had been mitigated using a fan to agitate the leaves and performing ltering using the average and variance of 20

recordings at each scan point.

7. Conclusions and Future Work

This paper presents a novel approach for the detection of grape clusters which are occluded by foliage
using an ultrasonic array. It utilises a low frequency ultrasonic chirp transmitted from a highly directional
acoustic array. This is the rst time that an ultrasonic phased array has been used to analyse canopy
structures and the rst time ultrasound has been used to visualise grape clusters. The results show that it
is possible for low frequency ultrasound to penetrate through leaves and generate echoes from the grapes
behind. In addition, the echoes from grapes and leaves can be distinguished by agitating the leaves using a
fan and using the variance of multiple recordings as a lter.

We further demonstrate how increased detail in the acoustic volumes can be achieved through near-
eld focusing the reception of the array using beamforming and cross-correlation defocusing correction
techniques. This signi cantly reduces the beamwidth and increases directionality of the array. The increased
level of detail has direct benet for more accurate canopy estimation and as a result, improved precision
viticulture practices.

Improved spatial and depth resolution would also be expected to reduce the overestimation in volume
measurement obtained using the ultrasonic measurement. Table 5 compares the percentage overestimation
in volume obtained in Tables 3 and 4 using the ultrasonic methods compared to the volumes of the the 3D
photogrammetric scan and the convex hull given in Table 2 which was obtained using photogrammetry. Here

we can see that the use of near- eld focusing techniques with averaging reduced the ultrasonic measured
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Table 5: Percentage overestimation of the measured grape volume obtained using near- eld and far- eld focusing compared to

the grape volume obtained using photogrammetry 3D scan (580 mL) and convex hull (1200 mL).

Far-Field Focusing Near-Field Focusing
Static Average Filtered Averaged Filtered
Photogrammetry 186% 222% 503% 112% 128%
Convex Hull 38% 56% 192% 2.5% 10%

overestimation in grape volume from 222% to 112% compared to the photogrammetry scan or from 56% to
2.5% compared to the convex hull of this scan. More work is needed to investigate how these results would
vary with di erent volume estimation techniques from that used in this work or using a ner measurement
grid spacing with the CNC.

It is worth noting that while it may be possible to determine true volume estimates using the acoustic
techniques mentioned in this paper, the presented numerical volumes should only be considered as relative
comparisons of the e ect of each stage of the process. The establishment of an accurate relationship between
acoustic volume and true cluster volume will require further study with a range of di erent grape clusters
and foliage conditions. However, it should be noted that accurate measurement of the occluded grape volume
using ultrasound is not necessarily essential. For example, it could potentially provide improved estimates of
the proportion of occluded grapes to enhance yield estimates obtained using other methods such as computer
vision techniques.

The process presented in this paper represents a signi cant improvement over the current state of the
art ultrasonic methods for vine canopy assessment. The increased achievable detail will have a direct bene t
for 3D volume estimation of vine canopies as well as improved ability to resolve potential grape clusters.
These improvements should enable viticulturists to implement advanced precision viticulture techniques
such as crop thinning, precise variable rate applications, and selective harvesting. We also anticipate that

the techniques used will have applications beyond viticulture to other areas of horticulture.

7.1. Future Work

The lab results presented in this paper show promising initial results. However, eld trials are needed
to investigate how this system performs in a vineyard environment with di erent grapes varieties. The per-
formance of the system needs to be investigated further with more leaves, grapes in closer proximity to the
leaves, and occluding objects such as vine stems, trunks, and trellis materials. Solid obstacles such as trunks
and trellis would not be disturbed by the agitation. This could be addressed by using a fusion of ultrasound
and computer vision to assist in identifying these objects. Traditional computer vision techniques can be

used to label visible areas of the ultrasonic scan such as vine stems, trunks, and other solid objects. This
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could be extended further to develop an unsupervised machine learning process to directly classify regions
of the acoustic recordings.

The e ect of the presence of neighbouring grape clusters also needs to be investigated since they are
likely to appear as a single larger cluster with the current processing and hardware. Scanning from di erent
directions may provide improved ability to see behind solid objects or di erentiate grape bunches which
would otherwise be hidden by another cluster. Work is also needed to identify how early in the season this
ultrasonic technique can be used to identify grapes bunch clusters and the relationship between the acoustic
scan output and the true cluster weight.

Near- eld focusing required additional processing overhead compared with far- eld beamforming. One
approach to address this may be to preclassify regions of the signal that contain signi cant re ected com-
ponents and only perform beamforming on these regions. This could be assisted by incorporate a 3D depth
cameras to provide additional information on where processing should be performed. Additionally, as each
measurement location is independent of the others, simple parallelization techniques can be used to vastly
improve processing times. In addition, improved resolution could be achieved by modifying the hardware so
that the transmission could be focused in the near- eld.

The array used in this study featured a very narrow beamwidth and could only image directly in front
of the array. It used a highly accurate CNC machine to generate the 3D acoustic scans of the grapes.
Although beyond the scope of this project, we believe we can enhance the hardware further to increase
its practical use within a vineyard by reducing the scan time and remove the need for the CNC machine.
Accurate tracking of the position of the array without the use of a CNC could be achieved using techniques
such as a fusion of di erential GPS and optical pose estimation.

If the array was redeveloped for large scale eld trials, di erent transducers are likely to be used which
may have di erent optimal transmitted signal. Therefore, it would be bene cial to further investigate the
e ect of transmitted waveform on the resulting scan and their resilience to sources of interference such as
multipath re ections. Furthermore, given the signi cant physical di erences between grape clusters and
vine foliage, it may be possible to identify unique frequencies of absorption or re ection for each potentially

making it possible to classify directly from the recorded waveforms.
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Conclusion

Yield estimation is one of the key tools viticulturists use to inform management decisions,
improve resilience to environmental conditions and optimise production. Yield estimation is
traditionally a manual process relying on skilled sta to provide regular and timely insights.
This is made more di cult by the spatial variability of vineyards and the subjectivity of indi-
vidual assessments. Automating objective yield estimation within vineyards represents a crucial

advancement in viticulture practice.

Modern computer vision approaches present an opportunity for solutions. However, they face
di culty with environmental constraints such as foliage occlusions, real-world lighting condi-
tions, measuring the size and distribution of berries, and building solutions applicable to robotic
automation. Researchers have proposed capturing 3D information as a means to addressing

some of these issues.

Photogrammetry has been demonstrated as an e ective method for capturing this information.
However, the processing complexity means that real-time analysis is not possible. Alterna-
tively, laser scanners have been used to reconstruct detailed phenotype representations of grape
bunches. However, the expense and precise operation required their use in eld conditions di -
cult and costly. In contrast, 3D cameras present a compelling option. They operate in real-time,
which lends them to use in automated robotics applications, and their low cost makes them vi-
able for commercial use. To date, there has been relatively little work towards their use for

grape yield estimation in vineyards.

This study was the rst to present a comprehensive comparative analysis of 3D camera tech-
nologies for precision viticulture. Speci c attention was placed on performance characteristics

that lend themselves towards accurately capturing the likeness of grapes and grape bunches.
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In particular, we explored the ability of each technology to accurately represent the curvature
of grapes surfaces, measurement errors against a ground truth 3D scan, and what proportion
of a grape bunch can be reliably captured in di erent scenarios (Il rate). We showed that in
most cases, structured light cameras, like the Kinect V1, struggled to capture the curvature of
grapes surfaces, had poor Il rate even in ideal conditions, and had no ability to work in direct
sunlight due to saturation. Active Infrared Stereoscopy cameras such as the Intel D435 worked
signi cantly better. In indoor lab conditions, they presented the lowest average errors and best
Il rates out of all technologies tested. However, it was noted that concave details between
grapes were lost, reducing the contrast between individual grapes. Additionally, direct sunlight
presented a challenge due to the saturation of the IR pattern. This required the camera to rely

solely on the limited surface texture available and as a result performance dropped signi cantly.

In comparison, technologies that use time-of- ight principles such as the Kinect Azure DK and
Intel L515 LIDAR, performed similarly regardless of ambient conditions. For both the ToF
and LiDAR solutions tested, details between individual grapes were retained and there were
no signi cant areas missing in scans; even in di cult direct sunlight conditions. However, we
showed for the rst time that the subsurface scattering of the emitted light causes distortions in
the measured time of ight for each pixel. This manifests as peaks in the resulting 3D scan and in
some cases causes grapes to be registered at greater depths than they actually are. Additionally,
due to the di erent emission methods that ToF and LIDAR cameras use, distortions manifest

slightly di erently in each. ToF distortions are noticeably more peaky than observed in LiDAR.

These peaks present a distinguishable per-grape feature that was exploited in a novel approach
for identifying grapes in ToF images captured by a consumer smartphone. It was found that while
the distorted peaks were an adequate feature in most cases, they lacked prominence in grapes
that were signi cantly occluded by other grapes in the bunch. Following this, we presented a
novel approach that used automated peak detection, and 3D depth images to build a labelled
dataset for training a state-of-the-art YOLO berry detection model in an unsupervised manner.
The resulting model, while trained solely on images captured in the lab, performed well when

applied to images captured of grape bunches in the eld due to the unique approach of using 3D
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thresholding to augment the backgrounds of lab-captured images. ArR? value of 0.946 and an
average precision of 0.970 was achieved when compared to manual counts. After detection, by
exploiting the correlated depth images, matching peaks were able to be found for each identi ed
grape. These 3D peak locations were used in a novel optimisation algorithm to estimate grape

sizes and build a 3D representation of the visible portion of grape bunches.

We have shown that 3D cameras present an e ective tool for solving some of the key challenges
facing computer vision yield assessments. In particular, 3D cameras provide a signi cant ad-
vantage to unstructured berry size estimates. However, in situations where there are high levels
of foliage occlusion, auxiliary approaches may be required. To this end, this work explored
novel techniques for overcoming foliage occlusions using near- eld beamformed ultrasound to
construct detailed 3D volumes of vines. This is the rst time that an ultrasonic phased array
has been used to analyse canopy structures and the rst time ultrasound has been used to vi-
sualise grape clusters. Through the agitation of foliage, we showed that in lab conditions it is
possible to lIter out leaves and identify volumes pertaining to grape bunches. This work is the

rst of its kind and opens up many opportunities for future research.

This work resulted in the publication of two peer-reviewed Q1 Journal Articles, with the third
article currently in review, and a conference paper. A summary of the main contributions of

this work is provided below:

1. A novel approach to analysing the performance of 3D cameras for the purpose of accurately

capturing 3D curved surfaces.

2. The rst study to benchmark the performance of multiple 3D camera technologies for use

in grape yield estimation applications.

3. The rst to show that di used scattering of light within berries results in distortions in
scans of grapes for ToF and LIDAR depth cameras. A novel technique is developed to

exploit this to identify individual grape berries.
4. YOLO unsupervised training and detection of size without the need of reference object.

5. The rst application of a smartphone’s built-in 3D camera for grape yield estimation.
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6. A novel modelling technique to estimate the size of berries in a bunch using the berry’'s

estimated 3D location.

7. The rst work to use an air-coupled ultrasonic phased array and coded waveforms for the

purpose of analysing vine canopies.

8. The rst study to investigate the use of ultrasound for imaging fruit occluded by leaves

and removing echoes from leaves by agitation of foliage with a fan.

9. A novel technique for improving the resolution of array-based cross-correlation for near-

eld echoes.

The results of this study show that real-time 3D cameras have the potential to signi cantly
contribute to the problems facing automated yield estimation for precision viticulture. The
ability of 3D cameras to understand the depth and scale of objects improves the practicality
of computer vision solutions in unstructured eld conditions. We have shown that the current
generation of 3D cameras is adequate at capturing information about individual grapes and that
this can be exploited in a real-world context to generate 3D reconstructions of grape bunches.
Furthermore, we have shown that 3D cameras in modern smartphones are capable of presenting
an objective analysis of grapes bunches in the eld without structuring the environment typically
required to understand scale within 2D images. This drastically reduces the complexity of the
data capture process and we expect it will have follow-through bene ts to sta ng and training
requirements of viticulture sta. We have also demonstrated for the rst time that air-coupled
ultrasound arrays are e ective at capturing the detailed structures of vines, and potentially
di erentiate between. Traditionally ultrasound has been limited to coarse estimates of foliage
volume easily impacted by outliers. Thus, this new technique presents a signi cant improvement

over state of the art.

By addressing the challenges associated with vineyard yield estimation, such as accuracy, object
identi cation, occlusion, and manual sampling, this research contributes to improving vineyard
management and pro tability. It opens avenues for further advancements in computer vision,

3D camera technologies, and ultrasound volumetric scanning, paving the way for more e cient
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and precise yield estimation in vineyards.

Future Works

This work presents signi cant advancements to the state of the art in understanding the capa-
bilities of 3D cameras for grape yield estimation and use of ultrasound in viticulture. While the
study treats ultrasound and 3D camera techniques separately, the possibility of combining them
into a uni ed system should be considered once they reach similar Technology Readiness Levels
(TRL). Potentially, such a system could be incorporated into an automated robotic platform;
ultrasound to address occlusion and compute foliage volumes, and real-time 3D cameras to esti-
mate accurate bunch and berry metrics. Towards this goal, there are exciting areas in both 3D

imaging and ultrasound that warrant further research.

Yield Estimation with 3D Cameras

There is signi cant potential for ToF and LiDAR 3D cameras in real-world eld applications

due to their resilience and performance in direct sunlight. Furthermore, the unique distortions
present in their scans of translucent grapes may be able to be exploited to perform nondestruc-
tive analyses of the properties of individual berries beyond the initial results presented in this
work. More work is needed to evaluate if the unique distortion pro les of each berry correlate
with physical characteristics such as berry size and orientation. Additionally, could the distor-
tions be used to analyse the ripeness of grapes pre-harvest and to measure the degradation of
the quality of grapes post-harvest? The potential value may be found by comparing di erences

in distortion pro les between di erent frequencies of transmitted light or the measurement tech-
niques used. For example, in this work, we demonstrate that swept single-beam LiDAR and

global illumination/shutter ToF systems exhibit di erent distortion pro les.

This work presents a novel approach to reconstructing 3D bunches and estimating berry sizes
using solely the position of distorted peaks found in 3D scans. Empirical evaluation suggests

that these estimates are close; however, more work is needed to compare them with physical
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measurements. Additionally, this process can be extended with restricted reconstruction gram-
mars to reconstruct the internal bunch structure and estimate the non-visible berries. Complete
reconstructions of grape bunches will enable the determination of standard OIV descriptors such

as cluster compactness, berry size variance, and cluster shape.

The real-time nature of the 3D cameras used in this work also lends itself well to multi-
perspective reconstructions of the target bunch to increase the proportion able to be analysed.
Simultaneous localisation and mapping (SLAM) techniques may be a suitable way forward in this
respect. Such an approach could be extended to automating perspective changes with robotics,
drawing inspiration from inherent human behaviour. When presented with a similar occlusion
problem, a human’s initial instinct is likely to change their perspective. Applied to robotics
automation, it would improve understanding of individual bunches and provide a method for

programmatically avoiding occlusions.

Current 3D cameras still feature various performance issues, from noise & ying pixels to multi-
path distortions. In the case of stereo vision, lack of texture in objects surfaces, limited resolu-
tion, and changing ambient illumination can be detrimental to a successful outcome. Researchers
have demonstrated various techniques to enhance the performance of low-cost 3D cameras such
as shape from shading or shape from polarization, that may have a tangible impact on their

suitability for grape yield estimation.

Ultrasonic Detection of Occluded Grapes

The novel ultrasonic techniques presented in this work represent the rst time ultrasonic phased
arrays have been used for precision viticulture. The unique near- eld focusing we employ to
reduce beamwidth as a post-processing step and the agitation-based variance ltering is also
novel in its own right. The results obtained demonstrate promising potential but also indicate

several avenues for future research.

Firstly, eld trials are necessary to assess the performance of this system in real vineyard envi-

ronments with varying grape varieties, denser foliage, and occluding objects such as vine stems,
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trunks, and trellis materials. Integration with traditional computer vision techniques could en-
hance the analysis of volumetric scans, enabling the identi cation of non-leaf occlusions and the

classi cation of ultrasonically scanned volumes.

Furthermore, 3D cameras could be used to facilitate performance improvements in near- eld
focusing by reducing the depth ranges needing to be processed during beamforming. Signi cant
improvements could also be made by adopting new array designs, introducing transmission

focusing, and parallelising computational and signal processing.

Support for large-scale data capture in vineyards may be approached by accurate tracking of
the position of the array using techniques such as a fusion of di erential GPS and optical pose
estimation. Finally, given the distinguishable physical characteristics between grape clusters
and vine foliage, it might be feasible to identify unique frequencies of absorption or re ection

for each, potentially enabling direct classi cation from recorded waveforms.

The 3D volumetric scans enabled by ultrasonic phased arrays have potential in variable rate
applications. Ultrasound is already commercially used as a method for real-time evaluation of
foliage density. However, the transducers have a wide eld of view and estimate foliage density
by measuring the distance to the closest object. This makes them susceptible to overestimating
the foliage present. The multi-echo volumetric scans presented in this work have the potential
to provide a more accurate understanding of foliage and allow treatments to be applied more

sparingly.

The use of ultrasonic phased arrays also has bene ts beyond precision viticulture. For example,
the array used in this work has been successfully demonstrated as a tool for pasture biomass
estimation. We expect that similar techniques as presented in this work would be equally

bene cial in other cropping systems, such as kiwifruit, tomatoes, and citrus crops.
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Appendix 1

This article was published and presented at the 2020 IEEE Sensors Applications Symposium
(SAS) held remotely on March 9-11 from Kuala Lumpur, Malaysia. This work led to the

extension presented in Chapter 5.

IEEE (2020). B. Parr, M. Legg, F. Alam. Analysis of depth cameras for proximal sensing of
grapes. |IEEE Sensors Applications Symposium (2020) doi.org/10.1109/SAS48726.2020.9220078
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Abstract—The performance of a vineyard can be inuenced of farm machinery, such as all-terrain vehicles. This allows
by accurate yield estimations prior to harvest. Traditionally, this large sections of vine to be imaged with relative ease.
Is a manual process. However, due to the high labour Costs — \,mergus computer vision algorithms have been proposed
and subjective nature of manual assessments, researchers have .. . L .
been working on automated techniques. Utilising 2D computer (O detect visible berries within each image. From these, an
vision has shown promising results but is inherently limited due €stimate of the yield and its variability can be determined.
to occlusions. The algorithms can only count grapes that are State-of-the-art algorithms have demonstrated detection of up

dil’ectly visible. Often this ShortCOming is accounted for by USing to 92% of visible grapes However, visible grapes are often

coarse occlu3|0r) ratio estimates, which themselves need tq beonly a subset of the total grapes on the vine. Furthermore,
manually determined. As a result, researchers have begun looking

at alternative methods of grape detection. Synthetic Aperture depending on the cultivar, training structure, and pruning
Radar (SAR) has been demonstrated as a feasible approachtechniques, the distribution of grape clusters is often not
to see grape clusters behind leaves. However, this comes at auniform throughout the vine. In addition, clusters that are
signi cant nancial cost. This paper introduces an alternative  yjsjble are often occluded from other sources such as branches
approach that utilises low frequency ultrasound to detect grape .4 aaves leading to misclassi cation and miscounts. Conse-
clusters in the presence of foliage occlusion. We demonstrate that v th i< still L in of L hi
such low frequency signals have the ability to propagate through duéntly, there is still a signi cant margin of uncertainty within
foliage and re ect off grapes behind. Additionally, by agitating the resulting estimations that cannot be easily solved using the
the leaves we can analyse the variance of consecutive samples andurrent processes.
determine which volumes are_llkely_ to belong to grape clusters. Individually, grapes do not reveal much about the perfor-
Index Terms—ultrasound, vine yield, smart agriculture, non-  ,5n06 of g vineyard. Of more interest are metrics describing
destructive, remote-sensing . . 11
the grape clusters. According to the OIV descriptor-)ist
a grape clusters size, compactness, and shape are vital to
I. INTRODUCTION understand vine growth and performance [6]. This can pose a
h i ¢ vi . h problem when grape clusters are occluded from the imaging
'.I'. e pro tqbl ity o vmeyards can be in uencgd by thegansors eld of view by some object such as a leaf or branch.
a_b|I|ty to_ est_|mate crop yu_ald befor_e harvest. W'th _accurat_e Traditionally, occlusions are accounted for by a simple
yield estimations, viticulturists can implement precision ag”s'caling visibility factor, derived from manual measurements
culture techniques such as selective harvesting, crop thinnim, However. this app,roach is naive, and its accuracy wil
or "a”?*?'e rate gppllgatlons [11 . . likely vary throughout a vineyard. Furthermore, a simple scal-
Traditionally, yield is estimated using manual techniqu&gy factor only accounts for yield-based variations. Important
[2]. These approaches are labour intensive and prone to humalyics such as a clusters size and shape will remain affected.
error [3]. Additionally, obtaining enough samples to describg gome situations, images will be taken after manual removal
the variation within the vineyard can be dif cult [4]. ~ of foliage around the grapes [8], [9]. However, this is not ideal
A 200_1 rgport suggested that current sampling practicgs large scale autonomous solutions as it requires signi cant
resulted in yield forecasts that were on average 33% from thgynual involvement. Occlusion may be the biggest unsolved

actual [5]. The authors suggested that an improvement frqg3 e when it comes to computer vision solutions for yield
33% to 20% would result in an $85 million/year bene t to theygtimation.

Australian industry. _ _ The development of microwave-based yield estimators have
Computer vision has been explored as a potential solutiggen presented as a possible solution to the problem [10].

for automating yield estimation. These techniques involve the,yever, these technologies are costly and far from com-
capturing of high-resolution images of entire rows of vines; a

progess that can be manually assisted or entirely aUtome_‘tedrhe OIV descriptor list summarizes established phenotypic traits of
Typically, images are taken from cameras mounted to the sidgspevines and grape clusters.
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mercial implementation. Ultrasound has primarily found useause the re ected signal from the leaves to distort between
in the agricultural industry for the measurement of croponsecutive samples while the relatively heavier grapes should
canopies [11], [12]. These measurements can be used as coas®in stationary. Successive samples can then be analysed to
estimates of crop yield [13]. statistically determine where grape clusters might be.
Within viticulture, the ultrasonic analysis of vine canopy has
been used to ef ciently modulate the real-time application of I1l. EXPERIMENTAL HARDWARE
vine management products [14]. In addition, researchers havdests were conducted in lab environments utilising a highly
demonstrated that independent scans taken over the growiiigctional narrow beamwidth ultrasonic array (see Fig. 1 &
season can be an effective approach to monitoring vine vigetirand a computer controlled Cartesian gantry (CNC) that was
[15]. mounted vertically. To perform relevant tests, clusters of table
To date, existing uses of ultrasound for viticulture make u§apes were used in conjunction with a young grape vine with
of single ultrasonic transducers. These typically feature a wigesubstantial level of foliage. This setup can be seen in Figure
beamwidth between 20 degrees and 60 degrees which gides
them a very low resolution view of a vine [14]. Furthe.rmoreA. Ultrasonic Array
these sensors only report the time to the rst echo making them . . )
incapable of sensing anything beyond an occluding object. '€ ultrasonic array used in this study was custom de-
When Coupled with their inherent wide eld of VieW, this Carﬁlgr_]ed for precision agnculture reqUIrementS. It features an
also result in erroneous, over estimations of canopy volurfitimised array of 160 Murata MA40H1S-R surface mount

[15]. This is due to the sensor always picking up the closédfrasonic transducefsand 204 MEMS microphones. The

object in its view instead of capturing the average depth yitrasonic transducers are arranged in 9 rings each containing

what is visible. 17 transducers. Each ring is wired in parallel and can be
To improve the resolution of ultrasonic systems, arrays 8perated independently to dynamically change the beamwidth

ultrasonic transducers can be used along with techniques sBEf1® device. A similar arrangement of 12 independent rings
as beamforming that reduce the beamwidth [16]. Howevés used for the microphones. These transducers have a centre

such processes have not been used before in precision vitid{fauency of 40 kHz and a response around this that drops
ture. 20 dB either side at 25 kHz and 60 kHz. All this combines

In recent research, Legg and Bradley have developeotoapmduce a device featuring a combined transmitted/receive

new ultrasonic array for measurement through pasture [1 -am width of up to 6.8and a dynamic range of up to 3_3 dB'
It is able to generate a very narrow beam width for bot & measured bgam pattern of thg array can be seenin Fig. 2.
transmission and reception. The low frequencies emplony‘TLAB was utilised for generating the transmission pulse

allow re ections through the entire depth of the grass so a’:H’]d processing the recorded samples from Data Translations
accurate biomass can be estimated [18] DT9836 data acquisition devicesSignals were transmitted

A Slmlla_r teChmque could potentlall_y prowde a solution to https://www.murata.com/products/productdetail?partno=MA40H1S-R
the detection of grape clusters on vines. Low frequency ul-3https:/mww.mccdag.com/Products/Multifunction-DAQ/DT9836
trasound will enable visibility through vine foliage to identify
grape clusters that would be otherwise missed by a traditional
optical system. This paper describes preliminary testing of this
hypothesis and demonstrates that ultrasound has the ability to
detect grape clusters through foliage.

To the best of the authors' knowledge this is the rst work
to explore the ability of ultrasound to detect fruit occluded by
foliage.

Il. SYSTEM OVERVIEW

We believe that emitting a highly directional low frequency
ultrasonic signal towards a grape vine and observing the
re ected waveform at a number of locations would enable us
to identify volumetric regions where grape clusters may be.
We hypothesise that the higher density grapes will provide an
effective surface for an ultrasound wave to be re ected from,
while the relatively low density leaves occluding the grapes
will allow the transmission of this wave. As the ultrasound

will also re ect off the leaves, it then becomes a classi cation ] ) ) ) )
problem to identify which re ection most likely belongs toFig. 1: View of the ultrasonic arrays main PCB installed in

the grape clusters. This can be alleviated by slight agitatidpf Measurement unit. The transducers can be seen in gold,
of the leaves by the light movement of air. The agitation wift'fanged in an optimised spiral pattern.
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Fig. 2: Measured beam pattern for 35 kHz sine wave trans-
mitted and received from the device.

. . A small vine was positioned in front of a cluster of grapes
at a 500 kHz sample rate and the 12 independent mlcrophé ported by a custom laser cut gantry tower xed to a vertically

channels were recorded at a sample rate of 225 kHz. The arg&¥ntated CNC machine. Acoustic damping foam was employed to
was designed to be mounted to a farm vehicle. This madedtiuce acoustic re ections from aluminium CNC components and
too heavy to be directly mounted to the CNC machine. Insteggtluce reverberations throughout the room.

both grapes and vine were supported from the CNC gantry and

moved past the ultrasonic array. The exact details of the device

are beyond the scope of this paper. For more information the

reader is directed to the recent article by Legg and Bradley

[19].

B. CNC Measurement Platform

The CNC used in this study has a accuracy of 0.025 mm and
a usable range of motion of 1.4 m x 1.4 m. It is traditionally
used in a more standard horizontal orientation. For this study, a
custom gantry tower was built that could support the weight of
the grapes and vine and positioning them up to 400 mm away
from the face of the CNC machine. Grapes were supported
300 mm below the gantry tower using a 3 mm threaded steel
rod. This was chosen to provide some level of resistance to

motion when the CNC moves while also having a low pro I%kﬁ The positioning of the acoustic camera (background), small vine

from_the perspective of the uIFrason_iC transducer. To supp id-ground), and grape cluster (foreground). The grapes were hung
the vine from the gantry tower, its weight had to be reduced. I@ing 3 mm threaded rod, and the vine by the bamboo stake it had
achieve this, it was removed from the planter and the majorigyown around.

of soil cleared from around its roots. The roots were thteg\g_ 3: The experimental set up used in this study. The images

placed in a black plastic bag which was then tied around Q%OW how a cluster of grapes was positioned behind a small
e

base of the vine. The vine was supported with a bamboo p
which was cable-tied to the base of the plant and extend
above the highest point of the vine where it was xed to the

gantry tower. This was important to ensure the vine itself Was. ) istics of the room itself was static to the array, care

living and free-standing as in a eld environment. The Ving,,5 taken to soften any strong re ective surfaces with noise
was positioned in such a way that there was a 200 mm 98Rmpening foam.

between the closest leaf and the grape cluster. Acoustic foam

was used to dampen re ections from the aluminium frame IV. EXPERIMENTAL METHODOLOGY
to either side of the gantry tower as well as in front of the
metal supporting rod for the grapes. The ultrasonic transdudér
was positioned perpendicularly 1100 mm from the path of The optimal transmission waveform is a future research fo-
the grapes. Care was taken to ensure swinging movemeus. However, a simple analysis was conducted to compare the
caused by changing measurement position had halted befpeeformance of pulsed sine-waves, to linear chirped signals of
ultrasonic measurements were taken. Furthermore, the aswhging duration and frequency. It was empirically determined

e hung from a Cartesian CNC machine.

Ultrasonic Signal Processing
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that a single 1.5 ms linear chirp from 35 kHz to 60 kHz
was the best compromise among the frequency response of
the transducers, the acquirable resolution of the grapes, and
the penetrating performance of the signal. This signal was
generated in MATLAB and a hamming window was applied
before it was transmitted. Equation 1 shows how this signal
was constructed.

. B =2
S(t) = Wo(t) sin 2 fo+ 53 t =2
wheret is time, fo is the frequency at = 0, B is the
bandwidth, is the pulse duration,[( t =2)=1] is the

rectangular function fron® to , andwg(t) is a Hamming
window applied to the width of the pulse.

The re ected signal was recorded by the 12 rings of micro-
phones. These channels were averaged together to achieve the
desired narrow beam width. Following averaging, the signal
was then Itered with a 40 kHz bandstop Iter in order to
remove 40 kHz ringing at the resonance frequency of the
transducers.

Cros_s-correlatlon was us_ed to further improve the tempor Ig 4: An isosurface plot of a single sample RMS acoustic
resolution of response. This was conducted as shown in (

blume. The plot shows a signi cant volume of leaves in the
b3 foreground.
Inx [N] = x[kIh[k  n] 2
k=1
whererpy is the resulting cross correlationis the average its lowest setting and directed towards an area directly in front
of the 12 recorded signals, ardis a Itered version of the of the acoustic transducer so to lightly disturb the vine foliage
signal that was transmitted. Pre- Itering the transmitted signfhen it passed in front. In a eld environment this agitation

was performed by a bandpass Iter designed to emulate thguld be performed naturally by the wind, or supplemented
frequency response of the transducers. by a similar portable fan.

B. Measurement Procedure V. RESULTS ANDDISCUSSION

The gantry tower was moved in a predetermined patternThe resulting cross-correlated signals were mapped to an
covering an area 460 mm wide (x-axis) and 400 mm highmplitude over distance represlentatlon using the speed of
(y-axis). This area was chosen to ensure full coverage of theund through airc = 343 ms °. For each measurement
grape cluster as it moved in front of the transducer. An x-axiacation, a moving window was passed over the response
Step of 20 mm and y-axis Step of 50 mm was used’ resu|tiM¢1iCh calculated the RMS of the Signal for that pOSition in
in a total of 216 measurement locations. The larger 50 mm §Pace. The RMS for thath window Ry [n], over the cross-
axis step size was used to reduce number of samples requfgtielated signaty is shown in (3),
as we were primarily interested in the horizontal resolution S p
due to the smaller cross section of the grape cluster from that C:o r3,[B A+ K] 3
perspective. When instructed by MATLAB, the CNC moves A )
to a new position, pauses for 3 seconds and takes a SeauUeNEEreA is the size in samples of the window used d@hds
of 20 measurements. The entire 216 measurement run tcgﬁk . .

. . e percentage of window overlap. In this study these were 26
approximately 20 minutes to complete. It should be noted that : . .
and 0.5 respectively, corresponding to a depth window of 20

this time requirement is not a limitation of the technologymm and an overlap of 10 mm

instead a limitation of the experiment platform. As we had to The window was computed over the distance 500 mm to

move the grapes and vine instead of the transducer we ha ﬁ% S X .
wait for any swinging movement to stop before measuremenjs 0 mm .resultmg !nan R.MS vglumetrlc representation of
could commence the acoustic scan with the dimensions 900 mt60 mm 400

Measurements were rst taken without the vine and leaves
present to establish an understanding of the grapes aloh®BLE I: Voxelised volume estimates of the foliage and grape
Following this, the vine was added to the gantry and megomponents of each experimental scan.
surements were taken with and without agitation of the leaveSpiyme (1o 5m3)  Static Scan  Averaged Scan _ Filtered Scan
Agitation was performed with the use of a desk fan in a xedTeaf Volume 851 389 87
position relative to the acoustic transducer. The fan was set fgrape Volume 166 187 350

Rw[n] =
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(a) An isosurface of the RMS windows. Com-(b) An isosurface of the variation computedc) The result of binary ltering the averaged
puted by averaging 20 recordings at eachetween 20 recordings at each measurem®&WNS volume with a thresholded variance
measurement point and computing the crosgoint within the volume. volume.

correlation.

Fig. 5: Isosurface plots showing the process used to establish grape clusters outlined in this study. The images show how a
cluster of grapes, occluded behind a grape vine, can be effectively isolated and identi ed.

mm, represented by 824 9 uniformly spaced points. The leaves would be cancelled and the relatively stationary grapes
lower limit of this volume was chosen due to a dead zoneould remain. The average between all 20 recordings was
between 0 and 500 mm where the ultrasonic array is dialculated on a sample by sample basis using the process in
rectly receiving the transmitted signal and subsequent P@8B,

harmonics. The upper limit was chosen as beyond 1.4 m 20

was free space and cropping this data out reduced subsequent [n]= 1= Xi[n] @)
processing required. Additionally, vineyard rows are typically 20

around two meters wide which limits the expected range anwhere [n] is the average for theth sample across all

ultrasonic array would need to operate at. 20 recordings and;[n] is the individual sample for théth
The computed volumes are visualised in this study cording. The average was computed before cross-correlation
isosurfaces set to a threshold of 10% the maximum RMgnd RMS windowing was performed. The result is shown
of the entire scan. This was empirically determined to kg Fig. 5a. It can be seen that agitation and averaging has
a threshold that best demonstrates the response. In furtiesigni cant impact on the results. The size of the volume
research more advanced approaches can be taken suclgod®sponding with the foliage has reduced while that of the
mean-shift or k-means clustering [20]. The numerical volumgrapes has grown. This is veri ed by the volume estimates
of each isosurface can be naively determined by treating tigen in Table. I, where the leaf volume has dropped from
grid points as voxel cuboids and counting those that are 0\881 to 38910 *m® and the grape volume has increased
this threshold within a given region. slightly from 166 to 18710 m?3. Unfortunately, the problem
The rst experimental measurement consisted of a stali¢ characterising each volume remains.
scan where the leaves were not agitated. For the analysis ofo further analyse this result, the variance between the 20
this, no averaging was performed, only a single recording p&énsecutive recordings was computed. This was done on a
point was used. The volumetric RMS representation of this cpar sample basis over the entire recording in the same way
be seen in Fig. 4. The results show two primary volumes. Thige average was computed. The process is shown in (5),
smaller volume at a depth of 1100 mm belongs to the grape 20 )
cluster and the signi cantly larger volume, between 500 mm 2[n]= —i=t (xi[n] [n]) (5)
and 900 mm, belongs to the occluding vine. An estimate of the 20
size of each of these volumes is given in the second columnwilfiere [n] is the previously computed average for eaxth
Table. I. By itself, without prior knowledge, this data providesample and 2[n] is the variance for theith sample across
no way to characterise which volume may belong to grapa# 20 recordings. In the same way that the RMS volume was
or foliage. calculated using the cross-correlation, an RMS volume was
The experiment was run again while agitating the area aneated using this variance data. The result can be seen in
front of the ultrasonic array. For this, 20 recordings at eadtig. 5b. The plot shows a signi cant amount of variation in
point were used. The hypothesis being, that by averagitite region of the leaves along with some where the grapes
multiple samples of the agitated foliage, the echo from movingeren't completely stationary.
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The variance volume was then applied as binary threshold[t@] A. Schumann and Q. Zaman, “Software development for real-time
the original RMS volume computed from the cross-correlation

of the averaged signals. The result of this can be seen(jg
Fig.
and more of the grapes volume has become resolvable. TAf$

5c. Almost all of the leaf volume has been removed

can be veri ed by the volume estimates as well. The volume

associated with the foliage has dropped to 87 from 38

10 5m?3 and the grape volume has increase from 187 to 350
10 *m3. Furthermore, the foliage volume is now fractured

into multiple smaller clusters which can be Itered out ir16]

subsequent processing stages.

VI. CONCLUSION

This paper introduced an approach that utilises low fre-

quency ultrasound to detect grape clusters in the preseqgg

of foliage occlusion. Results have conrmed that such low
frequency signals have the ability to propagate through folia
and re ect off grapes behind. Additionally, by agitating th

leaves we are able to analyse the variance of consecutive
samples and determine which volumes are likely to belong 9!
grape clusters. Future research will explore advanced signal
processing methods such as focusing the array at particular

depths to increase sensitivity, exploring alternative transmis-
sion waveforms, and conducting experiments within eld
environments.
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