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Abstract

Fruit sizing systems are an emerging technology in the agricultural industry, specifically

orchard management. Fruit sizing systems employ various computer vision approaches

such as those based around thermal cameras, RBG-D cameras, and LiDAR. Most of the

current systems for fruit sizing occur post-harvest and the current On-Tree or in-field

fruit sizing is commonly done manually which costs valuable time, labour and can be

costly in cases where orchard owners outsource the work to alternative expert services.

Furthermore, the reliance on said services can cause issues to arise such as miscom-

munication, missing appointments for sampling periods, or general lack of control.

For this reason, this thesis proposes a novel proof-of-concept application that involves

the employment of a LiDAR-based IOS device for On-Tree fruit sizing. This thesis

documents the development of said approach and contains data derived from simple

experiments to gain answers as to whether this proof-of-concept application is a viable

method for On-Tree fruit sizing. The results show a positive precedent as the On-Tree

apple experiment as well as the cherry bunch experiments demonstrated error range

percentages within 6% between 0.5m and 2m away from the apple. Furthermore, the

post-modification apple experiment was conducted on the same apple data-set produced

error range percentages within 0.5% between 0.5m and 2m. The post-modification

experiment purpose highlights the requirement for a dynamic approach to the expo-

nential regression best-fit parameters applied. An alternative experiment was done

to test the long-range capabilities of the proof-of-concept as well as determine the
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reliance on accurate pixel width measurements. The results of the said experiment are

promising, showing an error range percentage within 4% between 0.5m and 5m. As

the machine learning model is derivative based on [1] provided by Hectre, the results

for the detection count experiment were lackluster demonstrating odd values such as

29/52 cherries detected. The limitations of the project are the heavy reliance on an

accurate calibration of the parameters as well as an accurate pixel width of fruit (aka

bounding box measurements from the machine learning model). Overall, the benefits of

the proof-of-concept include lightweight accessibility, high sample rate, cost-efficient as

well as competitive with alternative fruit sizing systems and far exceeds that of manual

intervention-based On-Tree fruit sizing.
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Chapter 1

Introduction

The agriculture industry continues to increase its endeavor to become more autonomous

day by day with implementations such as [12], [13] and [14]. There remain some realms

of the agricultural industry that rely on outdated standards such as fruit sampling. It

is common for those who own orchards to outsource the sampling process of fruit to

expert services. Externally employed manual sampling strategies can falter to common

problems such as miscommunication, rescheduling causing sampling miss timing issues

and can cause lack of control to farmers [15]. Even if such issues do not occur in a

scenario, the data gained is hardly encompassing the full yield as discussed in [16].

Technological improvements can help to gain more data and in turn provide a larger

yield for fruit orchards.

LiDAR technology is an ever-growing field in research, specifically in computer

vision spanning several industries such as agriculture [17], robotics [18] and security

[19]. The main draw to this sensor is its high accuracy capabilities and its newfound

accessibility in recent years [20], [21]. Furthermore, companies such as Apple have

created affordable devices that hold such sensors at the tip of a user’s fingers. The

rapid boom in artificial intelligence is also incredible in creating amazing tools for

fruit counting [22] and even early attempts at fruit sizing [1]. In agriculture, computer

12



Chapter 1. Introduction 13

vision techniques harnessing artificial intelligence are employed for size estimations

commonly applied during the post-harvest process for sorting or grading purposes as

in [23], [24] and [1]. Yet, On-Tree or in-field fruit sizing is usually done manually,

which can cost large amounts of time, labour, and money in cases where the work is

outsourced as well as faltering to human error [15].

Existing works in for in-field size estimations have been common in the current

research space. Varying approaches include thermal camera-based methods [25], RGB-

D camera-based methods [26] as well as LiDAR-based methods shown in [27]. The

RGB-D-based method [26] was capable of gaining results such as R2 = 0.95-0.96 when

compared with manual standards for mango measurements. Previous works such as

the [27] and [28] employ LiDAR as the source for the size estimations where [28] was

capable of keeping error range percentages no higher than 9.5%. Despite the beneficial

accuracy results surrounding LiDAR, one limitation seemingly hold these approaches

hostage. The limitation is the accessibility and the equipment complexity as mentioned

in [27]. Hence the mission of this thesis document.

This paper proposes a proof-of-concept application that involves the usage of the

LiDAR functionalities on the recently available IOS devices as the main method of

gaining accurate distance values to then provide the diameter of a fruit detected via

a machine learning model. These diameter measurements from the application will

in turn provide simpler sampling for On-Tree scenarios to circumvent the previously

established concerns with external expertise services. The LiDAR sensors on said

devices have a maximum functioning range of 5m. This maximum of five metres

is more than enough for an application to exploit the high accuracy to gain sizing

estimations of fruit located on trees without manual intervention. One alternative hope

of this research is to set a precedent for those who manage orchards to have the power to

make informed decisions effectively without the requirement of outsourced expertise or

reliance. This application would also severely cut costs involved in large LiDAR-based
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equipment as mentioned earlier in [27], [15]. Computer vision techniques surrounding

machine learning and object detection are also a large component in this paper as the

provided machine learning model will be based on [1] as it is currently being used

for post-harvest size estimation at Hectre (Orchard Management Company). With the

ever-growing strides that machine learning has taken, strides towards higher accuracy

can be made in On-Tree scenarios for fruit size estimations. The main objective of this

paper is to examine the validity of LiDAR-based IOS devices for fruit sizing estimation.

Byproduct hope is to create an efficient and comparable proof-of-concept that can

compete with the previously e mentioned estimation approaches. The potential of

the proof-of-concept application is highly positive as the amount of data that could

potentially be gained is far exceeding at least that of manual standards.

This thesis will contain several sections first of which is the background and literat-

ure review which will cover diverse topics regarding machine learning smart agriculture

as well as common architecture that revolve around convolutional neural networks. the

following section labeled methodology will outline the developmental processes taken

to develop the application itself as well as provide the methodology in which the data

collection follows. Furthermore, this section will also outline the main goals of the

project and will provide a clear concise aim for this proof of concept to achieve. the

proceeding finding section will comprise tables and graphical representations of the

results determined via the simple experiments done on fruits such as apple and cherry

bunches. Included in the finding sections are also counting tests and post-modification

experiments highlighting the possible improvements to the current proof of concept

application. The discussion aspect of this thesis will consist of information regarding

the findings analysis as well as exploring the limitations and future improvements to be

made for this proof of concept. finally, the conclusion will provide a concise summary

of all the aspects explored in this thesis as well as provide the implications of such

proof-of-concept application developed.
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1.1 Summary

To enclose, this chapter briefly summarised the components of this thesis that will

fleshed out in later chapters. Essentially highlighting relevant road-map for the thesis

goal of creating a proof-of-concept application that provides high efficiency in the field

of fruit sampling for On-Tree scenarios.



Chapter 2

Background and Literature Review

The following section will comprise assorted topics that are either involved in the proof-

of-concept applications development or adjacent to it. The main aim of this section is to

demonstrate a general understanding of the topics to provide further insight later during

the developmental process of the application.

2.1 Light Detection and Ranging (LiDAR)

As already established, LiDAR technology will be the focus of the project, hence

exploring recent developments would help outline various limitations and advantageous

aspects. LiDAR can be considered a sister sensory method to that radar and sonar

methods. LiDAR is commonly recognised as being of higher fidelity, having a larger

detection range than that of the other sister methods [29]. While the other mentioned

methods use sound and radio wavelengths as detection, LiDAR relies on the use of light.

To elaborate, LiDAR sensors function much like its acronym entails – light pulses are

projected from the source of the sensor aka transmitter and the reflected laser light is

returned via bouncing from objects in the vicinity [30]. The light that is returned is

caught by a receiver and the below calculation known as the time of flight (TOF) is used

16
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to map out surrounding environmental obstacles.

D = c × t
2

(2.1)

Where D is the distance from an object, t is the time taken for the light to be received

and c is the speed of light. The division of 2 is done to account for a double trip to the

object and from the object.

Although LiDAR has great benefits drawbacks are also present. Specifically, ad-

versarial weather conditions can cause early spurious debris detection that in turn leads

to inaccuracy as explored in papers [31], [32]. Another study, [33], resolved that the

detection of objects was reduced by 50% in weather adjacent to fogginess. Back-

scattering is the action that light does when reflected off a surface. Back-scattering

can determine various aspects of a target depending on the intensity of the returning

signal [32] (pg. 678). LiDAR can employ two kinds of detection schemes, coherent and

incoherent energy detection. The latter measures amplitude changes of the light that is

back-scattered whereas the former provides accurate measurements of Doppler shifts

or phase changes in the back-scattered light. In the context of light, it is important to

note that coherent means that photons in light oscillate at the same frequency whereas

incoherent is the opposite of this. Hence the various applications that LiDAR can cover.

For example, coherent light exploits optical heterodyne detection [33] (pg. 32) methods

which are much more sensitive than that of direct detection or incoherent and allow the

operation to run on lower power (however it will require more complex transceivers).

Laser components in a LiDAR sensor are a customizable aspect depending on the

applications. It is common for lasers to range between 600-1000nm for non-scientific

tasks. A common trend for these lasers is that they should be eye-safe (for terrain

mapping on air crafts).

Despite some of the drawbacks mentioned earlier, LiDAR has taken large strides
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into becoming a leading sensory technology in many industries such as automation,

agriculture, civil engineering, and 3D technology.

2.1.1 LiDAR Applications

LiDAR has historically been a bumpy technology where in some cases it was cheaper

over other sensory technologies [34] but the sister sensor, radar quickly surpassed

LiDAR as production costs for it had decreased since its inception in the 1960s, resulting

in a slow development of LiDAR technology. Despite the slow development of LiDAR

since 1995, the advent of automata and robotics has revived the interest in LiDAR.

Major developments in simultaneous localization and mapping have been made by

implementing LiDAR sensors to accurately recreate environments for navigation [34].

Further developments are discussed in the proceeding sections.

2.1.2 Automated Vehicles

Automated vehicles have been the subject of large conversation in recent years, more so

related to their efficacy in real-world settings. One manner of how Autonomous vehicles

function is through the extensive implementations of sensors. The paper [35] highlights

the usage of point cloud technology derived from LiDAR sensors for automated vehicles.

The understanding of external obstacles is imperative in car automation to make correct

decisions when navigating the road. LiDAR sensors have been known to create 3D

point cloud representations of environments and objects with high precision [36], [37].

The paper proposes a novel way to reduce the storage requirements when using point

cloud information for road scenes as well as increase the efficiency computationally of

processes [35]. It is a 3-step process, and it is as follows:

1. Point cloud data filtration through linear interpolation.

2. Statistical method applied for removal of outliers.
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3. Down sampling LiDAR point cloud data using a voxel grid filtration.

Due to the sheer number of points that can be received via LiDAR sensors, the

above method is applied for the reduction of the unwanted noise [35]. The paper

showed a reduction of 50% in data volume without losing valuable environmental

information [35]. Another paper [38] also implements LiDAR for increased safety of

electronic-controlled vehicles. This paper acts as a survey to highlight the efficacy of

the tool being used in scenarios for accurate measurement regarding long distances. An

experimental model has been applied to determine that the distance of LiDAR between

0.4, and 12m is of significant accuracy despite colour change [38]. Also, if the signal

of the returning LiDAR is less than 100 units it is considered unreliable for use [38].

The paper acknowledges the shortcomings of LiDAR which can be affected by light

intensity, returning intensity, fragmented noise as well as reflection or colour of the

target object and determines that it is a necessary step to further the LiDAR sensor to

ensure safe application in automated vehicle systems like braking systems, etc [38].

2.1.3 Agriculture

As the focus of this project is agriculturally adjacent, the paper [39] uses LiDAR for tree

row volume estimation. The reason for this estimation is to optimise the distribution of

phytosanitary products in orchard locales. The paper proves to be far more practical

than initially expected, combining hydraulic systems with 12 controllable nozzles that

are responsible for the regulation of the amount of phytosanitary product required for

application [39]. The LiDAR sensors are responsible for the even distribution. This

distribution is determined via the Tree Row Volume as shown below:

TRV = a × h × 10000
c

(2.2)
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In this equation a is referring to the tree canopy diameter, h is referring to tree

heights and C is the distance between the tree rows [39]. For the nozzle control of the

spraying mechanism, a small needle is implemented to induce smaller or larger holes

[39]. The preliminary tests of utilising LiDAR as the mediator of broth application,

show a reduction of 50%, although further testing is required for validation [39].

Humanitarian technologies are referred to as technology that can increase the

efficiency for humans such as the following [40], [41]. Much like that of this project,

smart agriculture is a part of that category of technology [42]. The LiDAR sensors

are not restricted to physical alterations of the physical realm, but it is also capable

of creating meaningful data for analysis that is more perception-based much like this

paper [42]. The paper proposes a method to determine the ripeness of Oil Palm Fresh

bunches. Much like the data collection tied to this project, it is bound by basic standard

.csv packaging for further analysis [42]. The system proposed utilises an Arduino UNO

and two servo motors as the standard components [42]. LiDAR in this case is used to

collect the data and compare the mean intensity values as this is what will determine the

ripeness of chosen fruit [42]. The proposed method is shown to be successful as it can

create point clouds from the oil palm fresh fruit bunches and has given valuable data

as to whether it is a ripe bunch or not [42]. This is determined by the mean intensity

values, lower being ripe while higher being unripe. The point cloud reconstruction of

the fresh fruit bunches was done via LiDAR Lite V3 deployed like that of a scanning

system on the Arduino UNO [42]. The proposed method is considered novel at this

stage and suggests further future development for deployment on drones for an easier

mobilised scanning system [42].
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2.1.4 iPhone/iPad and LiDAR

As well established, this project makes use of the IOS LiDAR capabilities to capture

valuable information for back-end processing. Although sparse papers such as [43], [44]

are good examples of the current evolution of LiDAR technologies. Sensors that initially

were difficult to obtain are now accessible to everyday users to test, develop and create

solutions. The potential of the smartphone in surface detection or mapping is already

prevalent as mentioned in the following [45], [46]. With the advent of the iPad Pro 2020,

LiDAR has become commonplace and accessible to the consumer. Since its release, the

sensor has been tested and has shown to prove decent quality results when detecting

tree stems above a 10cm diameter threshold [47], [48]. Testing was done in the context

of geomorphological, geological, forestry, and archaeological related industries. It was

determined that the primary application use case for mentioned context would range

from small to medium scale situations – i.e., centimetres to several hundreds of meters

[43]. Although, the iPhone may be of advantage due to its mounting capabilities. The

paper highlights that the inertial measurement unit may have caused the inaccuracies of

the iPhone reading of the distance measurement and is not related to the LiDAR scanner

itself [43]. The limitations are also discussed arguing that only small to medium-scale

study sites are viable options for the LiDAR scanner to be used as the limitation of

range reduces the applications [43]. When and if the power supply for handheld devices

increases in standards, the range has the potential to increase. This is highly promising

for fields outside of photogrammetry and opens doors to many more solutions much

like this current project being proposed (referring to the proposed On-Tree Fruit Sizing

Application).
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2.1.5 Miscellaneous Applications

Larger scale studies for terrestrial management are also commonly using the LiDAR

sensor to measure the elevation of the terrain such as in this paper [49]. The time

required for conventional methods is extensive and involves the preliminary tasks of

vehicular traffic safety considerations as well as dense vegetation conditions must be

considered [49]. LiDAR poses to be a superior alternative to the above methods as it can

do the photogrammetry-based unmanned aerial vehicle (UAV) scans of elevation on the

land below which is precisely what the paper [49] aims to achieve. The paper assesses

the efficacy of the UAV-based LiDAR data to be used for specific tasks surrounding

highway design. The study suggests that agencies should start to move towards making

increased use of remote data sources like that produced by terrestrial LiDAR for tasks

such as highway design [49]. Future endeavours that were mentioned for the extension

of this study are to tie in more focused highway design software to further the quality

of the results and for validation purposes [49]. Despite this the results exclaiming the

viability of LiDAR is promising.

There are many more applications that LiDAR has achieved such as the monitoring

of pollution [50] and cloud density via atmospheric research [51]. The one unique

aspect of LiDAR that has not been mentioned is the versatility of the laser scanning

itself. Light is capable of many forms such as ultraviolet, visible infrared, or non-

visible infrared and can be applied to the LiDAR paradigm for usage. The flexibility

allows for non-reflective metallic surfaces, boulders, clouds, chemical compounds, and

astonishingly single molecules to be converted into valuable point-cloud or standard

CSV data [52]. Much like the previous paper [49], it is quite common for regular

terrestrial research to be conducted through aerial scanning of the terrain such as done

in [53].
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2.2 Object Detection

Object detection is a subcategory of computer vision and image processing that employs

various techniques to detect semantic objects of a specific type i.e., cars, trees, and

buildings in digital media [54]. The various domains containing significant remnants

of object detection are video surveillance, land surveying, and in various automation

applications. There are several approaches for achieving object detection and many

of them have their advantages or disadvantages depending on the situations in which

they are used. Below we will briefly cover the history and timelines of some of the

approaches conceived over the years for object detection purposes.

2.2.1 Viola-Jones Object Detection

This approach was a machine learning object detection framework that was conceived

by Paul Viola and Michael Jones [55], [56]. The algorithm was conceived due to the

nature of the problem at the time as a method for face detection as mentioned in their

paper [55], [56]. This method is by far lower than the convolutional neural network

methods that we have today, however, because of its compact nature it is used in specific

use cases that require lower power systems such as those mentioned in the original

paper, the Compaq iPad (2 fps device) [55]. Lower computational power means it can

be compact and can be used for devices that are not meeting requirements for other

more robust methodologies, broadening options for engineers or developers.

The problem description for this detection approach was as follows – In a photo-

graph, does it contain a face or faces, and formulate bounding boxes for those faces?

Face detection is considered as both a localization problem fused with a binary clas-

sification problem. For this task, the Viola-Jones algorithm only detects faces with

restrictions such as full views, front orientations, no rotation, occupation of most of the

frame and fixed resolutions [55], [56]. While these restrictions may seem to hinder the
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viability of such an approach the use cases can be considered quite wide. This is due

to the ease of picture processing that can be done to match the requirements needed

for correct readings. Images can be scaled, rotated, processed by brightness, processed

with blob detection – a method to locate an object within a larger image, and window

markdowns of faces within a view. The only true restrictions for this approach for face

detection would be the frontal view and the full-view requirements.

A deep dive analysis [57] explores the algorithm for this approach in depth. Viola-

Jones is a boosted feature learning algorithm, although quite basic, it is light on compu-

tational power and praise to the custom adaptive boost, which can create exceptionally

reliable classifiers out of copious amounts of weak ones [57]. When an image is inputted

into the algorithm and produces at any point a value of 0, it means there are no faces

detected. Opposingly, if all the classifiers return a 1 as the output, the algorithm returns

an indication of successful face detection. Viola-Jones classification is also named the

Haar cascade classification.

The name Haar-like features are derived from the mathematical sequence Haar

wavelet – which are square-shaped functions. The Viola-Jones approach to object

detection modified and adapted the idea of Haar wavelets to produce Haar-like features.

Haar-like features function as explained below.

• A series of rectangular shaped regions at given locations are detected in a scene.

• The pixel intensities are added together for each region in the scene.

• Finally, the difference between the sums of each of the regions are gained.

• The gained differences are used to separate greater regions of the input image.

In the Viola-Jones object detection architecture, these differences are the necessary

attributes to determine the separation between non-objects or objects. Due to the nature

of Haar-like features being a lesser classifier, a substantial number of them are required
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to produce reliable segmentation [55], [56]. Hence the name Haar Cascade Classifier.

The cascading nature of this algorithm gradually increases in complexity, therefore,

achieving greater results for detection rates, Although the results are sufficient for

images, it is not as viable for real-time functionality. To circumvent this issue, the

strong classifiers are arranged in a succession of an order of complexity along the

cascade. This means that sub-windows that require no further processing will move

on to the next sub-window, resulting in a degenerate tree. In face detection, the initial

classifier within a cascade, namely the attention operator, requires only two features

to achieve a false positive of 40% and a false negative of 0% [56]. Finally, if object

tracking (specifically in the video) is a necessary task for a project, options such as

the KLT algorithm can help to reduce the detection to that of simple salient features

rather than resorting to a per-frame detection basis like that of the Viola-Jones detection

framework [58].

2.2.2 Scale Invariant Feature Transform (SIFT)

Scale Invariant Feature Transform (SIFT) is an algorithm commonly used in computer

vision for detection and local feature descriptions in images [59] (pg. 112). For

simplicity, the following steps comprise the steps in which SIFT functions.

1. Key point or Feature point detection: The scale invariance refers to the inherent

value of an object or objects in the world such that they exist only in meaning

when observed at certain scale ranges [60]. An example of this would be to

consider a pebble. The pebble is only relevant in the meaning of scale of a few

centimetres at most. If one were to view the pebble at the nanometre level, it

would be pointless as by that point it would be more relevant to explore the

molecular constructions of said pebble instead. If on the other hand, the pebble

was viewed from kilometres away, the scale would be considered unintuitive as by
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that measure it would be more relevant to view the surrounding environment. In

the mentioned example, the emphasis on the relevant scale is made in connection

with the object of interest. Scale invariance in an image is the general diameter

within said image denoted by σ which represent the pixels counted. The image in

question is blurred using a Gaussian kernel. After this, the sum of the Laplacian or

the second-order derivatives is calculated with the blurred version which locates

the edges within. The LoG (Laplacian of Gaussian) is commonly implemented

for the blob detection process. To gain the true scale invariance, the multiplication

between the LoG and σ2 is needed to retrieve the maxima or minima.

2. Key point or Feature point localization: After the rough localization of the key

points, they are further refined in the sub-pixel localization step. This step involves

removing any features that are unwanted while increasing the definition of the

prior localization [59].

3. Positional Allocation: Histogram of Orientation or HoG is used to create thirty-

six bins covering a 360-degree set of orientations. This orientation histogram is

formed around the key point localized in the prior step. Each of the samples that

become inserted into the histogram is weighted by a Gaussian round window and

its own gradient magnitude with a σ that is 1.5 increased the scale of the original

key point [59].

4. Generation Feature Descriptor At this stage, the algorithm provides a list of feature

points that are portrayed with attributes such as orientation, scale, and location.

The descriptor generation involves a normalized vector of 128-dimensions. The

attributes allow for the feature points to be recognised from varying perspectives.

The descriptor is formed via the implementation of a 4x4 grid of gradient angle

histograms as it is dealing with a gray-scale gradient of the original image [59].

The key point determinations as before such as the orientation and centre location
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are applied and are significant in altering the dimensions of the grid. The angle

histograms are divided into 8 parts and are contained under each spatial bin

[59]. Miss-registered errors are avoided using the Gaussian window, which only

allows those closest to those gradients closest to the centre [59]. The histogram

formation also employs the trilinear interpolation [59].

Applications of Swift

SIFT in the current era is lesser used compared to that big data computer vision

approaches such as convolutional neural networks. Despite this, researchers have

employed and improved the existing SIFT algorithm for various specific use cases.

The paper [61] has proposed an improved SIFT algorithm for stitching images

retrieved via UAVs. The usage of this is for achieving fast and accurate detection of

straw cover over expansive areas. Slightly contrary to the prior statements made in this

review, this paper states the common concerns of the standard SIFT algorithm such

as. . .

• High dimensionality of feature descriptors.

• Strenuous computational effort.

• Low matching efficiency.

This is assumed to be comparative to current standards of object detection surround-

ing the neural network realm as well as the use case of fast stitching. Regardless, the

study employs the following upgrades to improve performance.

• Down sample high-resolution images prior to feature detection: This helps to

reduce the mass of the feature points which in turn increases the efficiency of

feature extraction [61].
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• Gradient normalised feature descriptors used to match among features: Feature

matching is done via MN-SIFT feature descriptor which holds better texture

features that improve the matching accuracy for the use case[61].

• Implement Progressive Sample Consistency Algorithm (PROSAC): The PROSAC

algorithm exterminates the false positives produced, further improves the accuracy

of the feature point, and determines the transformation matrix model employing

the least-squares approach [61].

• Image fusion with optimal stitching combined with fade-in and fade-out. A

smooth transition between overlapping regions and non-overlapping regions of

the images is achieved via a fading-in and fading-out method [61]. This is to

present common issues when stitching images automatically together such as

misalignment, stitching gaps and ghosting [61]. Furthermore, the quality of the

images is preserved during this process.

The paper concludes the findings to be successful in achieving the major goals of the

study. The proposed method was capable of accurately and in a fast manner retrieving

straw target feature points from the high-resolution images provided by the UAV. The

method was also capable of distinguishing between the object of interest i.e., straw

amongst noise in complex background situations. The experiments that were conducted

as part of the study using the proposed method determined the following.

• The proposed algorithm compared to that of the other algorithms reduced the

feature point number by 90% and 58% [61].

• Compared to the traditional SIFT algorithm and the SURF algorithm, the proposed

algorithm held matching efficiency of 22.18% (exceedingly improved) [61].

• The detail of image integrity was preserved thanks to the employed image stitch-

ing methods [61].
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Due to the rapid UAVs and this approach to image stitching achievements in real-

time automatic panoramic images for crop assessment will be frequent in occurrences

with the integration of machine learning.

Next, is a study [62] dated in 2015 yet amid the big data boom researchers still

opted for SIFT as a method. In this use case Dense SIFT feature descriptors to identify

patterns of an object. This feature descriptor is combined with extreme learning machine

(ELM) [63] which is a classifier that can identify effectively, vehicles amongst noisy

backgrounds as it provides sufficient general performance. The cost of ELM is said to be

cheap for training and testing, thus the system can function in real-time scenarios. The

paper concluded that the proposed method showed increased performance for detecting

vehicles moving at increased speeds which tends to obscure vision and could possibly

circumvent the need for motion cameras [62].

The study [64] is a recent paper that proposes a four-part novel approach, that

includes...

1. The construction of a 3D Gaussian pyramid to obtain multi-scale pollen images

2. Computation of local differential vector for identification of key points.

3. Filtration of said key points via an inner layer contrast.

4. Finally the extraction of the statistical histogram of the key points as singular

features for automatic classification of 3D pollen images [64].

As the paper proposed, the Spatial Local Key Point descriptor extraction method

based on SIFT was successful in the classification of pollen recognition. The experi-

ments determined that the local key point extraction for the original image o can persist

information of the extrema of the image such that the large dimensionality becomes

reduced as a result, The experimental results also show that the method has greater
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flexibility sensitivity to illumination, rotation scale transformation, and affine transform-

ation. [64]. The reason for the initial contribution to pollen type detection is to cater to

those individuals who suffer from pollen hypersensitivity [65]. To be able to identify

allergenic pollen archetypes in the air may help to alleviate potential discomfort or

threats that pollen hypersensitivity can cause. The real-time monitoring of the pollen

can open doors regarding the pollen type, concentration, as well as propagation path

that could help forecast the allergenic pollen trajectory or concentration [64].

2.2.3 R-CNN, FAST R-CNN and Faster R-CNN

After concluding the brief discussion on non-neural approaches for object detection, we

can now safely explore neural network approaches which are newer approaches than

the previously discussed. the approach that will particularly be covered in this section

will be region-based convolutional neural networks also known as R-CNN. We will also

cover fast R-CNN, faster R-CNN and cascade R-CNN, these offspring of the original

region-based convolutional neural network method are one and the same however they

have improvements then that of its original version which is a topic to subsequently talk

about below.

The original purpose of R-CNN was to produce a bounding box that encloses an

object of a pertaining class for example a person can be considered a pedestrian or a car

can be considered a vehicle. Since its inception in 2013, the authors describe R-CNN

as a method that applies a technique namely selective searching which extracts regions

of interest (ROI) [2]. Selective search specifically is a data-driven approach based on

the highest-grade assumptions of segmentation and exhaustive search (time sensitive)

[66]. Key inspirations also include - Exploitation of bottom-up segmentation for object

location generation derived from the structure of the input image and capturing all

object locations like that of exhaustive search [66]. The algorithm follows the following
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steps...

1. Generate initial sub-segmentations of the original input image via the approach

in [67]

2. Combining similar regions into larger regions. Selective search utilises a greedy

algorithm for these combinations and is designed as follows. The criteria that

must be considered for this process are similarities in colour, texture, region size,

and the region fill.

(a) Colour Similarity: Channels of the colours of the individual regions are

contorted to a histogram. The paper [66], uses 25 bins for each, R, G, B

channels combined into a single vector of total 75 bins. The equation below

is employed to determine the similarity by histogram intersection:

Scolour(ri, rj) =
n

∑
k=1

=min(cki , ckj ). (2.3)

Refer to [66] for further details.

(b) Texture Similarity: Texture is represented employing fast SIFT-like readings

as it works exceptionally for material recognition [68]. Gaussian derivatives

of 8 positions are taken with σ = 1 for each colour channel. For each of the

colour channels, a bin size of 10 is used for histogram derivation. Therefore,

each region ri has a texture histogram of Ti = {t1i , ⋅ ⋅ ⋅, tni }. Once again

histogram intersection is employed:

Stexture(ri, rj) =
n

∑
k=1

=min(tki , tkj ). (2.4)

Refer to [66] for further details.

(c) - Size Similarity: This allows for regions that are negligibly small to merge
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earlier. The original paper explains that this is important as to not create

undesirable situations where one region is responsible ensnaring all other

regions one by one which would cause the scaling from one location [66].

As shown in the original paper [66]:

Ssize(ri, rj) = 1 −
size(ri) + size(rj)

size(im) . (2.5)

Refer to [66] for further details.

(d) - Fill Similarity: This is the process of merging smaller regions together. In

equation terms expressed in the original paper, it can be assumed that if ri

and rj contain remnants of each other they would be combined. Opposingly

if they both do not touch each other or contain lingering remnants of each

other they would create strange merges that should not be aligned or would

be an unlikely condition for merging processes.

SFill(ri, rj) = 1 −
size(BBij) − size(ri) − size(ri)

size(im) . (2.6)

Refer to [66] for further details.

(e) The paper then simplifies the mentioned before considerations into the

following:

s(ri, rj) = a1 Scolour(ri, rj) + a2 Stexture(ri, rj)+

a3
Ssize(ri, rj) + a4 Sfill(ri, rj)

3. Finally, the candidate object locations are generated from the segmented region

proposals.
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The paper identified the strengths of selective search as being highly effective at pro-

ducing a set of high-quality object hypotheses using restrained count of boxes whereas

the quality was consistent across the object classes [66]. This is highly competent at

least for the time of the publication of the paper. R-CNN and Fast R-CNN use selective

search to retrieve important regions within an image, however, it would be important to

mention that due to window processing times ranging from 1.8s to 3.7s, it would be

inadequate in a real-time circumstance. After the regions have been warped, the inputs

are then plugged into the remaining parts of the architecture.

Figure 2.1: Is the original figure from [2] which covers the basic parts of the object
detection process. Refer to [2] for further details regarding Regions with CNN features.

Each proposal is passed on to the convolutional network which is where the R-CNN

object detection can get highly vary in terms of results depending on the network

chosen. The paper proved this by employing two different networks namely, [67], [69].

Comparatively, one outperformed the other with results such as mAP scores of 58.5%

to 66.0% respectively of networks mentioned [2]. Although the paper notes that the

drawback with the better performing network by Simonyana and Zisserman [69] hinders

the length of time taken for the forward pass time being seven times longer [2].

The Support Vector Machines are then responsible for the retrieval of the feature

vector generated by the CNN to output confidence scores. Bounding box regression

is applied based on the error analysis of detection. The original paper [2] applies a

method inspired by DPM (Deformable Parts Model) [70] bounding-box regression. The
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purpose of this is to minimise the number of miss-localized detections which in turn

boosts mAP scores between 3 and 4 points [2].

R-CNN Off-Spring Architectures

The offspring from R-CNN is the innovations of Fast R-CNN [3] and Faster R-CNN

[4]. These both are the main offspring of R-CNN and have proven to ensure great

applications in object detection. What were these improvements? Before answering

this, the drawbacks of R-CNN need to be identified. Regular R-CNN is slow, this is

because the training and testing require 2000 regions to be calculated for completion.

Each of the regions enters the CNN where it takes a large amount of time to extract

features.

The Fast R-CNN attempts to increase proficiency by taking great inspiration from

SPPNet – Spatial Pyramid Pooling Network – which converts the entire input on the

feature map a single time. Fast R-CNN in a similar fashion using a single feature map

for all the regions. This entails that one layer namely the pooling layer is used to convert

the features with the maximum pooling [3].

Figure 2.2: Represents the architecture from the original Fast R-CNN paper [3].

The next iterations of the R-CNN bloodline would be named Faster R-CNN. Up

until this point, we are aware that the selective search method was used for both R-CNN
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and Fast R-CNN region proposals. Faster R-CNN provides replaces the selective search

method for region proposals with another named a region proposal network [4]. The

reason for its replacement with a new method is due to the time taken for each image,

being 2 seconds per image at a CPU implementation [4]. This network is an extra CNN

that takes the features map as input to then output adequate region proposals for further

processing in the ROI pooling layer [4].

Figure 2.3: A fully connected network representing the RPN module as the staple
addition to the existing former architecture as further detailed in [4].

R-CNN.architecture Applications

The applications of R-CNN, Fast R-CNN, and Faster R-CNN are vast. The below

sections will briefly cover some of the developments in the object detection space which

implements the method of discussion.

The paper was done by Moue et al., (2019) [5] is a perfect example of R-CNN

being employed in marine target detection specifically. The paper states the importance

of marine target detection in maritime transportation, marine environment detection,

and national defense [5]. Usually, it is commonly known that radar is the medium for
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maritime navigation or detection using electromagnetic waves which do not hinder the

restrains of weather rain, or fog, nor is it time restrictive. This then calls into question

what and why would the paper [5] needs to propose an R-CNN-based method for

target detection. Before the proposed method radar methods would employ traditional

methods that would include statistical processing and nonlinear processing [71]. On

top of the obsolete pathway for the task itself, we must consider the drawbacks such as

that radar for this task succumbs to difficulties such as low echo signal-to-noise ratio,

complicated non-uniform backgrounds [71], and with complex marine environments.

The specific R-CNN sub-type used was the Faster R-CNN with further improvements

made such as. . .

1. Original classification loss replaced with focal loss [72]. This is done to solve the

imbalance of the samples as well as improve the training results.

2. Replace the original non-maximum suppression (NMS) to a soft-NMS [73]. This

was done to improve missing detection results

3. Instead of the original ROI Pooling, the paper opted for a Precise ROI pooling

method [74] to further the accuracy provided which in turn reduces the precision

loss of scale uniform function.

4. Lastly, the rectified linear activation function is replaced with the exponential

linear unit [75] to rectify the vanishing of gradients and to increase the speed of

the convergence tasks.

This paper helps to appreciate the flexibility of the R-CNN architecture which only

gives this method further merit. Other papers within the maritime industry that utilise

the R-CNN family of methods include [76], [77] and [78].

Due to the nature of this research project being agricultural-centric, it would be a

disservice to avoid developments in object detection for the industry. A paper [79] uses
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Figure 2.4: the improved faster R-CNN method for the use case in [5].

another alternative R-CNN method namely, Mask R-CNN. Mask R-CNN, to briefly

cover, has comparable properties in terms of the process to the previous version however

it focuses on creating a mesh-like mask on the objects being detected. This was used

extensively in the paper [79] as they provide a solution for smart irrigation for crop

management. The paper provides a deep learning solution that utilises an unmanned

aerial vehicle and transfer learning from Mask R-CNN framework to locate water. The

main purpose of this application is to identify malfunctioning sprinklers that could

cause under-watering or over-watering [79]. During the conclusion, they express that
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the application still requires further work for practical on-site work. This is due to the

sensitive data that neural networks are hindered by such as background, light, image

quality and camera angle [80].

The paper conducted by Deserno and Briassouli, [81] uses Faster R-CNN to identify

varying insects within sticky traps. These traps are yellow sticky traps that are a

crucial tool in agriculture to monitor the types of insect pests so that they may be

classified and counted [81]. The project was devised to nullify the need for manual

counting/identifications of said insects and what better way than the automated solution?

Another interesting Application of R-CNN is creating an effective method for weed

killing on crop fields as shown in [82]. Agriculture and automation have become

a formidable combination for researchers to flex their expertise especially for the

replacement of mundane tasks shown as in the following [83], [84]. The paper proposes

a quadratic traversal algorithm to determine the shortest path for weed killing for

robotic hosts [82]. The proposed method uses the faster R-CNN method specifically

in conjunction with the VGG-16 feature extraction network- a series of CNN layers

followed by few fully connected layers- which is one of the most used algorithms

for image classification as it is permissible with transferable learning [82]. The paper

also employed and modified an existing algorithm, namely the OTSU algorithm which

is commonly used for image processing in agriculture [85]. The algorithm has been

improved specifically by compression of the range of the search gray-scale difference

[82]. The proposed method was successful in the goal of reducing the distance required

for weed killing for robotic hosts. Due to the externality of the proposed project, power

consumption optimization and camera issues regarding environmental conditions were

the future focuses [82]. A common trend in the paper discussed shows a lack of heavy

focus on faster R-CNN development more so than it was the optimizations of the

surrounding tasks which fulfill automation goals. The intertwining of various systems

together in conjunction with architecture/models like R-CNN is how this field can move
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further in the goals of full automation.

Automation in this industry can be derived from the combination of object detection,

deep learning, and data analysis. The paper [86] is of substantial relevance due to

the nature of the proposed method for apple detection. The [86] employs R-CNN to

automatically detect passion fruit – fruit with high medicinal applications, flavour, and

nutritional benefactors – to then produce yield maps. The paper uses modified multiple

scales faster R-CNN or MS-FRCNN architecture based on Residual Network – Aka

ResNet, which is another specific type of neural network – that was deemed successful

in the detection tasks [86]. The paper also mentions the difficulties of detecting smaller

objects in a yield estimation system due to the lower resolution of the input [86].

Comparatively to the Tu et al., (2018) paper [87], the MS-FRCNN had the 3rd, 4th,

and 5th convolutional layers of the network to be combined. This combination was

able to produce promising results as it outclassed the standard faster R-CNN method

[86]. For future endeavours [86], the authors express interest in YOLO-V3 compared to

the proposed solution. This is because YOLO-V3 would allow for adversarial training

qualities to be incorporated which would help to tie the training to itself to then produce

a self-contained improvement mechanism for the model.

2.2.4 Single Shot MultiBox Detection (SSD)

Single Shot MultiBox Detection or SSD [7], is an alternative algorithm/architecture

commonly used in object detection scenarios or computer vision applications. Object

detection using SSD is composed of 2 main sections, one of which is the extraction of

feature maps and the second is the application of convolutional filters [7].

Unlike R-CNN the SSD model does not use a region proposal network for the

determination of ROI. SSD simultaneously resolves the class scores and locations

via convolutional filters. SSD is inspired by a feed-forward CNN that is responsible
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to produce a static sized group of bounding boxes and provides the scores for the

availability of an instance within said boxes [7]. After this, the non-max suppression is

used to find the final detections.

The early layers are considered a base network that SSD implements for truncation

of high-quality image classification. The model then follows the truncated base network

with the convolutional feature layers which are responsible for decreasing size sequen-

tially, to then, in turn, predict detections in multiple scales [7]. This also means that

SSD has considerable issues with detecting small objects. To offset such an issue the

input image should be of high resolution. Compared to other methods such as the You

Only Look Once detection model [6], SSD implements varying convolutional models

for predictors [7]. Individual feature layers added to use a set of convolutional filters to

produce detection predictions which are also in group sets [7]. As shown below in the

architecture design of the model. . .

Figure 2.5: Represents the SSD model utilising the base network as VGG-16 network.
Comparatively to the YOLO model [6] tests done on VOC2007 show that it outperforms
in speed and accuracy [7].

It is significant to note that the bounding box revolves around the centre point,

namely the default. As the original paper mentions that the bounding box offset results

are measured relative to the default box position to each of the feature map locations

[7]. Due to the convolutional nature, the feature map is separated in a tile-like manner

so that the locations are relative to a fixed cell [7]. In each of the given cells, there is a
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prediction made of the offsets relative to that of the default box shape inside the given

cell as well as a score that indicates the matching of an instance in each of the boxes [7].

In Faster R-CNN [4] the default box is named the anchor box and does not apply them

in varying resolutions of the abundance of feature maps. The varying in the default box

shapes allows SSD to be efficient in discretisation (the process of transferring variables,

functions, equations, and models into separate pieces) of space in the possible result

box shapes [7].

SSD Applications

In this brief section, the applications of SSD in modern settings and industries will be

discussed. One thing to note is that application sections much like before will try to

illustrate the wide range of the methods used with justification as to why alternatives

are disregarded. The goal would be to be familiar with the varying scenarios in which

the methods are mostly applied.

Like previous analysis regarding R-CNN, SSD also is extensively applied in mari-

time applications as shown in the example [88]. The premise of the paper is surrounding

the importance of synthetic aperture radar (SAR) technology in the space of marine

transport and fishing law enforcement [88]. A method is proposed using SSD to address

ship detection in noise-heavy SAR input images. This paper is chosen as it is significant

in highlighting the benefits of the over other methods, namely that SSD is faster than

faster R-CNN [88]. Results showed that the SSD-512 is 50% faster than Faster R-CNN

[88]. Although the speed is revered here, the paper also mentions false positives that

occur when ships are close to locations like the harbour or islands. This is due to the

generation of the bounding boxes of the features starting from the 15th layer convolution

which does not consider the silhouette of the ship itself [88]. This unfortunately results

in the port cranes or buildings being considered as ships when detection occurs [88].

The paper proposes future work to absolve these issues by pinpointing the low-level
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features such as edge separation discrimination via edge detectors etc [88]. The results

of the paper were shown to be fruitful and future endeavours include the reduction of

false positives.

In a similar vein, the paper [8] provides more insight into SAR detection in marine

applications. This paper focuses on the difficulties in the detection of ships being small

in the SAR images, which in turn causes poor detection [8]. This much like the prior

paper is an upgrade to the existing SSD model. The paper proposes two upgrades, one

of which is a default box optimization via K-means clustering and the latter is feature

fusion based on deconvolution which improves low-level feature map representations

[8]. The paper mentions the drawback of SSD, that being the issue of poor accuracy

with small targets [8]. Below shows the mods made to the regular SSD model from the

original paper.

Figure 2.6: This is the figure provided by the original paper that illustrated the 5 extra
deconvolusion layers [8].

Deconvolutional layers in this specific scenario function like upsampling without

the fixed parameters. Because of the nature of the deconvolution network being able

to learn the parameters during training, the up sampling becomes more manageable

deconvolutions [8]. The whole reason for deconvolution-based feature fusion is to
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mitigate the problems with small targets containing weak representation leading to

underfitting problems i.e., low recognition. On the other hand, if the convolutional

layers were to increase the representation would become significantly better for the

low-level feature maps yet it would cause overfitting [8]. The feature fusion provided

by the paper is inspired by the top-down network structure shown in [89] and is based

on the feature fusion method done using deconvolution by [90]. This ultimately is

responsible for combining the high-level semantic features with low-level feature maps

to increase the quality of small target features [8]. The paper discussed showed effective

results in improving the SSD model for the use case and was successful in recognising

small targets in SAR images[8].

As mentioned earlier due to the manner of the origin project, agricultural develop-

ment using SSD is imperative to set definitions for progress in the industry so as to

attain guidelines. This guideline is that of automata, as the farm industry steadily leaps

forward with the concept, the trends start to show some more niche applications such as

the paper done by Wang et al., (2022) [9]. The paper exclaims the economic importance

of Lingwu long jujubes, a forest fruit situated in Ningxia Hui Region further citing the

following [91], [92] The fruit is, as per the name, oval-shaped, thick, and long yielding

a high amount of vitamin C [93]. Due to SSD’s well-recognised possibility for low

computation, it becomes a valid method for achieving such detection tasks. One issue

is the requirements for pre-trained or preloaded weights. The pre-loaded weights are

undesirable due to the following reasons:

1. The network has poor flexibility, The pre-trained model is large and the parameters

are extensive. This limits the application scenarios [9].

2. The optimisation availability is sparse which is developed due to the different

allocations of the loss functions and classification of the detections being varied

[9].
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3. Despite the fine-tuning benefits on the reduction of the of variability of the

distribution of target categories, it is too significant for the effect to be noticeable

[9].

The authors have cited previous endeavours via [94], [95], [96] for the identification

of jujubes but have noted that these methods are not accurate enough for detection or

classification while being slow. Due to the mentioned gripes, Wang et al., (2022) [9],

have developed a lightweight, void of pre-loaded weights, SSD-based, containing fewer

parameters and with better detection accuracy for Lingwu long jujubes [9]. Below is

the structure of the proposed modified SSD model.

Figure 2.7: Improved modified SSD target detection model [9].

The original VGG16 network that was commonly used in the original SSD structure

has been replaced with a modified PeleeNet module as the base trunk of the network.
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The PeleeNet CNN is a variant of the DenseNet CNN that is optimized to meet low

computational requirements as well as meet memory budgets [97]. Inceptionv2 module

which is an alternative network replaces the original first few CNN layers to further

strengthen the detection capabilities [9]. The passing of image feature messages between

the plethora of levels is done via appending the additional levels [9]. These were

modifications to better the overall performance for real-time detection for the detection

use case. The results have indicated to be successful in both accuracy and speed.

Compared to the conventional SSD algorithm, the improved algorithm yielded in higher

mAP score of 97.32% with an AR reaching 78.23% with compressed parameters

reaching 30.37% [9]. Future works include the poor accuracy results for heavily

obscured Lingwu long jujubes and the practicality of a picking robot armed with the

detection method [9].

The next paper in the agricultural scene to review is [10]. The paper is responsible

for proposing an SSD solution for the identification of single tree detection. The

paper highlights the importance of trees in the field of forestry ecology, as well as

environmental management [98], [99]. The benefactor of using a CNN-based method

is again tied to the time mentioned automata. Being able to aptly detect features

automatically and apply a sense of the low-level features such as contours or colours is

highly beneficial [100]. As mentioned, the SSD model is advantageous due to its speed

and high accuracy of detection [7]. This paper takes advantage, once again, of SSD and

applies it with sufficient optimisation for the specific use case [10]. Specifically, the

modified SSD model was employed in quantity identification and location management

of urban plantations [10]. The simplified SSD framework is as follows:

The SSD model has proved to be superior amongst previous endeavours for single

tree detection such as the watershed method and the CV method [10]. In the exper-

imental results provided by [10], the SSD model produces an average accuracy of

96.32% as it can segment the canopy features of a single tree from high-resolution
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Figure 2.8: Provided by [10] is the simplified model which utilises the VGG16 partial
void of the convolutional layer.

images. Also, recall rates of the SSD model show a 97.94% average recall rate which is

the highest amongst the experimental results [10]. As per the SSD model developed,

it is capable of segmenting single tree crowns, and it can recognize them in complex

backgrounds [10]. It is capable of bolstering anti-inferencing capabilities and mostly

negates interference of branches of a single tree detection scenario [10]. Finally, the

application potential is promising as it has proven to perform exceptionally in all regards

[10]. SSD much like R-CNN has paved the way for new iterations of the same network

allowing for flexibility in many industries, not just those discussed in this section.

2.2.5 Object Detection Significance

The significance of object detection has opened large new pathways in human research.

These pathways improve, as should most research, the human experience via efficiency.

Efficiency is heavily knotted with automata as discussed earlier during this review

section. Automata is one of the keystones of improving various industries whether it

be agricultural or maritime and one method of automata in the physical realm is that

of object detection. Object detection is unique that it opens various doors to solutions

that without the advent of these various enabling algorithms would not be able to
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comprehend or attempt to apply to issues. Overall, the section above has highlighted the

benefits to some of the industry as well as a chronological timeline to show how object

detection has evolved from that of equation-centric solutions such as the Viola-Jones

method to the big data-centric solutions like the R-CNN or Faster R-CNN algorithms.

Although this paper refrains from complex algorithm modification or complex equation

crunching, the rationale for the overview of these algorithms is to show the greater door

that they have provided for the solutions like this thesis aims to achieve to be realised.

2.3 Agricultural Developments

As well established, many industries are slowly and steadily adopting automata as part

of the workflow to increase efficiency in general. Naturally, agricultural developments

have also led in the direction of automata such as those discussed subsequently.

2.3.1 Smart Agriculture

Smart agriculture is a newer term related to the integration of automation or AI and

the internet of things (IoT) technologies in farm management to further expedite the

mundane tasks that would otherwise be either time-consuming or in niche cases create

solutions [101] much like this project aims to achieve. Smart farming is nipping the long-

term issue of food shortages as the population of humans is projected to increase to 9.73

billion [102] (pg, 26). The paper [103], has surveyed smart farming technologies that

have been implemented from 2019 to 2021 which adhere to data gathering, storage data

analysis, transmission, and adequate niche solutions. The paper cites various industry-

related difficulties that result in a reduction in production efficiency such as soil salinity

in arid conditions [104], [105]. Further issues may array due to climate conditions that

may cause the land to become sensitive to desertification [106], [107]. The paper [103]

has compiled a series of 58 documents relating to various countries worldwide. The list
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below indicates the topics covered in [103] regarding smart agriculture:

1. IoT in smart agriculture: IoT is a robust new outlook to the way humans create

efficient solutions that are increasingly becoming more popular and will become

more prevalent in the coming years. With the advent of this technological ad-

vances such as these, agriculture can utilise wireless sensor networks to help

keep all aspects connected, therefore creating better solutions for irrigation and

fertilization optimization [108]. One thing to note is that the IoT is dependent on

the speed of the internet and therefore the faster the better. One paper conducted

by [109] was able to use IoT in real time to track, diagnose and notify via web

network farmers of leaf diseases that would cause obstructions in growth.

2. 5G networks on smart farming: As mentioned earlier IoT, in general, is dependent

on the speeds of the internet itself, and thankfully in recent times, the fifth-

generation aka 5g communication network is possible for fast transfers of data.

The 5g network provides beneficial merits such as high data transfer adhering to

low latency, high connectivity density compared to previous networks, spectral

efficiency improvement, increased communication performance, large coverage,

and high efficiency of network energy [103].

3. Smart Sensing in agriculture: Sensors are a topic that has been covered previously

in this literature review and is a large part of this project. The usage of sensors in

agriculture can be beneficial for monitoring livestock, soil moisture, water levels,

nutrient levels, etc. commonly used sensors in farms nowadays are mostly related

to moisture management in soil [110]. Statuses that are monitored further include

the temperature of the soil, air temperature, pH values, and humidity [110]. An

emerging sensor in smart agriculture would be LiDAR.

4. Applications of said IoT in smart farming: As established briefly before IoT
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has been applied to the monitoring of various aspects of the agricultural space.

IoT systems can extend the versatility of the technology. An example of this is

the unmanned aerial vehicle or UAV. UAVs are commonly used in other fields

for terrain elevation analysis and can harbour various sensors to enhance their

flexibility in specific locale scenarios [111]. In agriculture UAVs (Unmanned

Aerial Vehicles) can be equipped with several sensors such as cameras, thermal,

multi-spectral, and more recently LiDAR [103]. The many attachments on a drone

allow for arrestation, spraying, terrain mapping, field prediction, plant counting,

plant measuring, exploration, and nitrogen measuring [112]. Multi-Spectral

capabilities on drones allow for vegetation analysis [113].

5. Limitations of Drones in agriculture solutions: Despite the benefits of the drone,

there are drawbacks like the following:

• Depending on the drone model and specifications required it can be expens-

ive

• Laws need to be abided as well as drone permits needed to be issued for

usage and this may be difficult to obtain depending on the country [103].

• Climate impacts the operation times of the drones as well as wind speeds

ruining pre-determined flight paths [103].

• The drone has an active status of an hour or less. Due to this, flight paths

need to be determined beforehand [103].

6. Smart farming approaches in developing countries: In many developing countries

such as India are willing to adopt such technologies that increase efficiency but

due to the obstacles involved such as the availability of infrastructure being

owned by the state rather than the individuals running the farming facilities

[114] can pose difficulties adopting smart agriculture. Excluding country-specific
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obstacles, the main implementation obstacles include, sensor availability, suitable

5G network establishment, device/equipment availability and trained experts

for said navigation of such technologies [103]. African regions face alternative

issues regarding the space of operation itself such as water scarcity, environment

changes and climate fluctuations [115].

7. Smart decision support systems (SDSS): The last topic covered in [103] was

the smart decision support systems or SDSS. The SDSS is designed to support

those farmers who required assistance in making rational and informed decisions

regarding smart farming utilization [99]. The goals are to provide diverse options

for irrigation management, fertilization, and numerous other endeavours for given

situations. SDSS can be considered a gateway for user-friendly smart agriculture

as it provides various tools for those uncertain to be eased into the process.

Finally, the paper [103] concludes with the importance of smart agriculture and the

significance of IoTs (Internet of Things) presence as the defining pillar for many of

these systems. Also, when developing countries slowly implement these systems, they

will provide a propelling effect as farm sustainability can be achieved. The paper also

suggests that those governments in said developing countries should highly consider

smart agriculture to increase the production of food as well as efficient use of water or

other resources [103].

2.4 Summary

To briefly summarise the purpose of the aforementioned chapter, it provided various

faucets of information that revolved around computer vision, smart agriculture and

machine learning algorithms surrounding the relevant field. The reasons for this is

to inform and provide a clear understanding of the various techniques that alternative
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research has implemented in hopes that this can be used or referenced as part of this

thesis.



Chapter 3

Methodology

3.1 Research Methodology

In the following section, the research questions, aims, goals as well as design choices are

discussed. Furthermore, the nature of this project leads to outline of the developmental

approaches for the creation of the design solution which has been included as part of

the following section.

3.1.1 Research Questions, Aims and Goals

Reminder, this project aims to develop a prototype or proof-of-concept of an IOS-based

application that utilises the onboard LiDAR sensor to derive the size of a given fruit.

The project objectives are broken down as follows:

• Use python programming language to develop prototype back-end for handling

LiDAR and image data.

• Use Swift programming language to develop prototype application to harbour

suffice user interface for data collection.

• Successfully extract valuable LiDAR and image data for back-end processing.

52
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• Use the company provided machine learning model checkpoints to detect fruit

locations in captured image data.

• Retrieve the distance from the detected fruit for each fruit in the image.

• Use all data gained to derive a size estimation of all fruits detected.

• Derive viability of method moving forward which includes time efficiency and

accuracy compared to standard methods available nowadays.

While the above are considered objectives more related to that of the developmental

process (see section 3.2) , Where as the main question to find an answer to is:

1. Does the proof-of-concept application create a viable beneficial alternative to

standard methods of fruit sizing?

3.1.2 Research Design and Methods

In this section, several different subcategories are highlighting not only the data collec-

tion process but the approaches taken for the design solution development. Understand-

ing the proof-of-concept development is relevant for the understanding of the data types

for data analysis.

Research Strategy

Much like the papers that are data collection-focused such as [116], [117], [118], this

paper will employ standard methods for data collection. The unique component of

this methodology is the inclusion of developmental strategies. The detailed recount

of the developmental process creates space for later critique in this thesis that is not

necessarily data-driven but more speculative. This can be of benefit to the overall project

as it creates suggestions for future development upon the proof-of-concept application.
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Exploiting this approach allows for not only solid, tangible data-driven determinations

but also for the speculative solutions that could be made for shortcomings of said

application. it is common for the underpinning philosophy to be surrounded by the

positivist approach. Although it is not common in recent papers to explore research

philosophy, it is valuable to identify why it is chosen.

Data Gathering Strategy

To fulfill the aims of the project, the data must be adjacent to the intent of determining

whether the application is a viable approach to measuring fruit On-Tree fruit sizes.

Viability includes whether it compares to current standards. For clarity, the following

tools are employed during the data collection period:

• Caliper (digital): As the project is focused around finding the validity of the

application to measure fruit on tree, it is essential to determine and compare

with that of the ground truth measurements of the fruit. Although this is prone

to human error, this is- as of this stage- the most accessible method to gain the

ground truth measurement.

• IOS device (iPad): The device that currently holds consistent LiDAR capabil-

ities and therefore the mentioned application developed was also made for this

platform.

• Stopwatch: This tool is an extension tool to help the validity analysis as it will

provide valuable information regarding the time it takes to capture and save

information.

• Measuring tape: Measuring tape was used to measure the negligible distance

away from the object. This is prone to human error.

• Fruit: Less of a tool but more of the main assessed apparatus.
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• Makeshift Tripod: This is used mainly during the calibration period to determine

the best parameters (3.2.2).

The experiments are exhaustively straightforward as the ultimate derivations re-

quired are data that can identify the validity i.e., the accuracy of the application that

was developed and comparisons of current standard approaches (manual for the most

part). Employing the simple experiments keeps the data gathering to a less complicated

process and provides a simple barrier to entry for alternative future projects that intend

to build upon this work.

Before any experiments are conducted the fruit is measured and ground truth values

are determined. This involves the following ground truth criteria:

• Fruit diameter is measured via digital calipers.

• Mark distances away from fruit position via measuring tape.

The mentioned provisions employ ground truth comparisons and in turn provide a

manageable method to determine the error range of the application. After said provisions

are complete, the experiment follows a simple loop like so:

1. Capture data at ground truth x distance away from the fruit position of ground

truth diameter of fixed y.

2. Use in application share functionality to organise data into dedicated folder on

google drive. This specific process should be timed with the stopwatch.

3. Loop step 1-2 until all data is gathered.

4. Transfer folder data to relevant locations for the back-end machine learning fruit

size determination script.

5. Record final diameter results from back-end output to spreadsheet application

such as Microsoft Excel.
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6. Compare ground truth diameter value y and application derived diameter z value.

The important final information that is of high significance is the diameter of the

fruit gained via the application. The simple percentage error calculation is applied as

shown below:

pERROR = ((z − y)
y
) × 100 (3.1)

Where pError is the percentage error range derived.

The simple loop experiment mentioned earlier will also be applied to a flat surface

scenario where the main subject will be placed against a wall for comparison with the On-

Tree Scenario and the cherry bunch scenario experiments. The conducted experiment

will contain manual intervention to gain the pixel values through the software Adobe

Photoshop as the machine learning model will not be able to detect the wall reference.

Despite this, it will provide information on the importance of the bounding boxes

and the need for precise pixel information. It should help determine any anomalies

amongst the fruit-specific data and the calibration importance. The test for this will also

encompass a larger length from the object to identify if accuracy falters. This may also

help to see the drop off in accuracy. This is key for the discussion section of the paper

(see chapter 5.1.5).

As this is an experimental-based research strategy it is important to identify the

control that should be adhered to during experimentation despite being obvious. As

part of the controls, all tests will keep static the following-equipment, app, fruit speci-

mens (regardless of varying size), the resolution of the image captured, the amount of

depth/LiDAR information retrieved, and functions for the derivation of diameter size of

the fruit. The attribute of the experiment that will change is the distance between the

object and the camera. This will help determine the adequate functioning range of the

application. The data gathered is cross-sectional in nature as the readings will all be
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collected and processed during the same period.

Following the trend of simple experiments, a test for the current machine learning

model version will be done. This experiment is less to do with the ultimate goal and

more to do so with how the pixel values produced via the model affect the final sizing

estimations. This project uses a machine learning model more akin to that used in [1].

The experiment will consist of counting the number of detections made per capture in a

bunched scenario using cherries. The steps to this experiment are as follows:

1. Take the capture as done in the prior experiment loop.

2. Input the image data retrieved from the capture data into the machine learning

model.

3. Finally present the image with bounding box counts.

Data Analysis Strategy

The data analysis is boiled down to the comparisons made between the true ground

truth values and the estimated values gained via the proof-of-concept application.

Alternatively, the count experiments will not be employed for comparison, rather

they will serve as a confirmation test. As easily deduced, the success criteria for the

experiments done excluding the count experiments is the error range percentage. The

closer the percentage is to 0 the better the result as it means it is close to the ground truth.

On the other hand, the count experiments should produce matching count values of fruit

detection to be successful. For all experiments conducted, a specific type of analysis

is adhered to, namely statistical-based descriptive data analysis. Applying this type

of analysis should determine the eventual validity of the proof-of-concept application

via the accuracy determinations with comparisons to the current standard. In these

experiments, data that is duplicated is considered to be unique. Furthermore, outliers

are identified, discarded, or kept and discussed as some provide insight into the inherent
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limitations of the proof-of-concept application. The main software for data analysis

will be Microsoft Excel which will provide tools to create graphical representations of

the analysis conducted as well as tables that will harbour valuable data for readers.

3.2 Proof-Of-Concept Application Development

The Following sub sections will discuss the development process of the application

solution for the mentioned goals and aims.

3.2.1 Front-End Development Components

As already established the platform of choice to deploy the solution for sizing fruit is

the IOS devices harbouring the LiDAR capabilities. Due to the time constraints for the

project, the bones of the front end have been derivative from an example project from the

apple developer website [119]. The script incorporated is a great base to start, however,

it does not meet the requirements alone. Therefore, modifications were made using the

AVFoundation framework or library specifically related to capturing with LiDAR [120].

The following will discuss the developmental process of said modifications made to the

base front-end swift script as well as the corresponding screenshots.

Renderer Script

The IOS Swift library is used to retrieve the LIDAR information in tandem with the

image data. The AVFoundation [11] framework that is used has previously been used in

other computer vision-based projects such as [121], [122]. For this use case, it is related

to retrieving raw data that is formatted into a text file that is later processed in the back

end. AVFoundation is a solution that appeared after a series of failed attempts to retrieve

the LiDAR data (see chapter 5). The prior failed attempts provided beneficial accuracy
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Figure 3.1: This is the general high-level view of the pipeline from data acquisition to
diameter measurement gained.

however it was void of providing values for every pixel on the capture which in our case

is necessary as the positions for the fruit can be put anywhere on the captured scene.

This is accounted for in the AVFoundation approach provides an estimation for those

pixels unable to be hit by the laser pulses and provides a highly accurate reading based

on surrounding LiDAR readings. This is still however considered to be a drawback at

least as it is still an estimation. Despite this, the results (see chapter 4) may show that

this drawback is not necessarily anything to worry about.
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Figure 3.2: Contained in the Renderer.swift file, is the contents of the LiDAR data
generation using the AVFoundation framework [11], as well as the storing methods for
the data packet for exportation.

Another unsavoury limitation of the approach is that the LiDAR information is

accounted for a down-scaled version of the original image. The downscaling is between

1440 by 1920 and 256 by 192. AVFoundation allows for a higher resolution to be

considered, however, the change is minuscule, and it will increase the capture time for

the data. Capture time is to be considered as it is a key factor for the efficiency analysis

post experimentation (see chapter 5).
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Figure 3.3: The ViewController.swift is common on most swift programming that is
responsible for the construction of the front end artifacts. This is the button in which
the capture will commence upon pressing.

View Controller Script

This is standard practice in IOS development to make use of the view controller script

that is mostly responsible for artifacts that appear on the screen for the user. As the

name intends, the view controller is also used to place artifacts on the screen in distinct

positions to better the look of the interference. However, this project is a proof of

concept the interface aesthetics were not at the forefront of development hence below

are the snapshots of the application in action.

Figure 3.4: This is the initial view when the application is launched.
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Figure 3.4 shows buttons located at the bottom of the screen that are non-functional

from the original base script. The “Save” button in the centre of the screen is how the

captures are taken.

Figure 3.5: The LiDAR representation drawn on the screen originally derived from the
base code.

3.2.2 Back-End Development Components

The back-end is where the input retrieved from the front is absorbed for further pro-

cessing. This section will contain varying developmental approaches for the design

solution.

Functions

The back-end component of the project is simple to understand in conception but was

difficult to execute during development. As a concept, it is as simple as the following:
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Figure 3.6: Share functionality allows for the user to choose where the information
gets sent. This makes it much more flexible for some users. This will change in future
iterations of the application to increase the speeds of the capture time.

• Take the input capture consisting of the following information.

– x: Distance from the fruit(s).

– y: Pixel Width of fruit(s).

• From the known distance x and the known pixel width y gain the z true width of

the fruit.

The back-end consists of various functions which achieve concepts above. Below

are the screenshots and subsequent explanations of each of these functions.

The figure 3.8 is responsible for reading CSV files containing mixed data regarding

the fruit of interest that also contains the bounding box co-ordinates. The data is cleaned

to exclude unwanted data and is copied to use for further processing.
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Figure 3.7: Shows the type of files that are being saved. This includes the LiDAR .txt
file, depth map representation of the LiDAR information as well as the original image
in JPEG format.

Figure 3.8: The above consists of one of the essential inputs for the complete process to
work correctly.
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Figure 3.9: This function is, as mentioned, responsible for the determining the estimated
distance from the object of interest i.e., fruit centre.

In the figure 3.9, the return value is not only an essential component for determining

the estimated true diameter of the object but also serves as a fail-safe to the ground truth

measurements that are done during the experiments. This function also contains an
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important conversion that is made between 2 resolution sizes of the original image being

1920px by 1440px and the LiDAR depth map being 192px by 256px (see chapter 4).

This is to ensure the correct matching between the bounding box co-ordinates retrieved

via machine learning and the .txt file containing every LiDAR distance measurement

per pixel on the original down-scaled (see section 3.2).

Figure 3.10: This function much like the previous, serves to procure a useful value from
the input data frame derived via the machine learning component of the project.

Figure 3.10 is responsible to produce pixel width distance between the edges of an

object of interest i.e., the fruit. The equation in question is basic and should be familiar

to most people.

Length of a Line

d =
√
[(x2 − x1)2 + (y2 − y1)2] (3.2)

The reason to employ the above equation is to exploit the bounding box co-ordinates

that are produced from the machine learning model. 3.11 is a visual representation of

what is occurring because of the above script 3.10.
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Figure 3.11: The figure indicates the bounding box (black) co-ordinate corners given
initially (red), the shifted corner (purple) and the wanted length indicated by x (blue).

The reason for point shifting explained in 3.11 is to target the horizontal cross-

section of the object to ensure the bounding box is touching that of the fruit. Whereas

if the original corner coordinates were used with the length of the line function it

would produce a larger number due to the Pythagorean theorem. The larger length

produced by the Pythagoras centre cross-section from the original corner coordinates is

not of use since they do not encompass the shape of the fruit. This relates to the fact

that the corners are outside of the constraints of the fruit. A consideration for future

development is, for giving the averages of both the vertical cross-section and horizontal



Chapter 3. Methodology 68

section of the fruit which is further discussed in section 5. Because this project was

tasked to be a proof-of-concept task, the simplicity was taken into account as to clearly

show the validity of the processes (see 5).

Figure 3.12

Figure 3.13

The functions highlighted in 3.12 and 3.13 are where most of the heavy lifting

occurs for the application. This is because it is essentially the main vertex function for

deriving the true width of the fruit. The attributes a, b, c required for 3.12 are derived
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from 3.13 where parameters contains previously determined calibrated values (see

subsection 3.2.2). The data attribute in 3.12 holds the inputs of the pixel distance and

distance from fruit values. 3.12 applies a Planar Curve of Best Fit equation that gives

the estimated true diameter measurements. The equation in the return statement in 3.12

may seem familiar as it is a basic 3-variable Exponential Regression to Fit Function

which is also applied in the calibration process 3.2.2:

z = a(xb)(yc) (3.3)

Where the 3 variables in the case of this project is the pixel width, true width of

object and distance from the object.

Figure 3.14: Is the amalgamation of all functions bound together included with it
some of the separation techniques to organise the data frame data that required specific
attribute type alteration.



Chapter 3. Methodology 70

Collectively, the above functions become the meat of the design solution for achiev-

ing the goal of gaining the size of the fruit. The beneficial aspect of the collective scripts

is that they can easily be inserted into other existing projects. This is demonstrated in

the design solution itself as the machine learning component of the project is provided

by Hectre on a separate Google Colab file. The above scripts were simply added which

then functions as intended.

Calibration

Before the experiments, it was necessary to find the trend calibration parameters for

the Exponential Regression to Fit Function or the Planar Curve of the best fit function

previously mentioned (see subsection 3.2.2). The calibration is done by collecting data

on all known and unknown values through preliminary experiments. The difference in

this experiment compared to the prior mentioned experiment loop is that the machine

learning model will be void in this version. This is to identify the reliance on the varying

components of the proof-of-concept including the machine learning component.

Table 3.1: Example Calibration data gathering 1.25m away from object.

Ground Truth dist. (m) 1.25
Real Width Pixel Dist.
0.02 25
0.04 50
0.06 75
0.08 100
0.1 125
0.12 150
0.14 175
0.16 200
0.18 225
0.2 250
0.22 275

Calibrations conducted include distances between 0.5m and 4m gradually obtained

in increments of 0.05m. Once calibration data is gained, application of the Planar Curve
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Figure 3.15: Each increment on the paper placed on the wall is an increment of 50mm.

Table 3.2: Example Calibration data gathering 1.60m away from object.

Ground Truth dist. (m) 1.60
Real Width Pixel Dist.
0.2 250
0.22 275
0.02 20
0.04 40
0.06 60
0.08 80
0.1 100
0.12 120
0.14 140
0.16 160
0.18 180

of Best Fit is applied (see 3.3). The planar curve produced (3.17) is then used as a

vertex function where 2 input values will produce the 3 unknown values, in the case of
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Figure 3.16: This is the makeshift tripod, used to attempt to eliminate the shaking that
occurs when holding a device manually causing human error.

this project, the real width.

Methodology Limitations

As expected the main concern throughout both the calibration and experimental periods

is the human error aspect which is generally common in any measurement-based studies

that involve human intervention. Therefore, all results should take into consideration the
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Figure 3.17: Graphical representation of the 3 main variables calibrated based on
collected measurement data.

plus or minus 1% human error rate. The human error applies to the caliper calculations

for ground truth, application results as it was ground truth based calibrated, as well

as the distance from the fruit. The tools that will cause human errors are calipers,

measuring tape, and the stopwatch. To further mitigate any external effects on the

results, experiments were all done during the same period and in the same manner

producing reduced possible tool-caused errors. Further limitations surrounding the

proof-of-concept application itself are discussed in section 5.
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3.3 Summary

This chapter consisted of detailed analysis and critique of the employed method of

choice. The provided screenshots show the process in which the backend functions to

gain the real distance values from the pixel information from the image captured and

the distance from the object by utilising a vertex-adjacent function. The said function

is calibrated via tools such as the tripod, manual measurements and collecting data to

derive function parameters. In the next chapter this function is tested to determine the

validity of the method of choice.
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Results and Findings

4.1 Results and Findings

All findings and collected data is present in the following section. The section will

contain the experiments that collect data regarding the error range percentage, time

taken for capture process, as well as tests against the currently accessible machine

learning model for fruit count and post modification results. The experiments are ran

for both an On-Tree Scenario and a bunch scenario using cherries.

Figure 4.1: An example capture taken of an apple 0.5m away from the camera origin.
The Depth map (right image) represents all LiDAR data per pixel gained from the IOS
device.

75
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Table 4.1: Findings from Apple Experiment 1

LiDAR Fruit Estimated Ground Error Approx.
Distance (m) Distance (m) (mm) truth (mm) (%) Time (s)
0.52197266 0.5 70.3793118 70.38 -0.001% 16.66
0.7529297 0.75 72.64305063 70.38 3.216% 15.53
1.0107422 1 73.03072174 70.38 3.766% 15.35
1.25 1.25 74.36353102 70.38 5.660% 14.82
1.4667969 1.5 72.31008023 70.38 2.742% 15.55
1.5859375 1.6 72.14037877 70.38 2.501% 15.12
1.9912109 2 71.67805639 70.38 1.844% 15.29

Figure 4.2: Graphical comparisons between attributes in 4.1

4.2 Retrospective

The experiments for each respective fruit were done during a single session ensuring the

as much control over external factors as discussed earlier (see section 3). Aggregation

of data was smoothly run although if more time was allocated for calibration higher

distance ranges could be tested for although not a large concern. For on-tree scenarios,

real access to an orchard for testing may increase the variety for the data as well as
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Table 4.2: Findings from Apple Experiment 2

LiDAR Fruit Estimated Ground Error Approx.
Distance (m) Distance (m) (mm) truth (mm) (%) Time (s)
0.5213831 0.5 67.17328403 68.15 -1.433% 14.94
0.75122348 0.75 68.34927855 68.15 0.292% 15.87
1.003541 1 69.88664265 68.15 2.548% 14.93
1.25332 1.25 68.36353102 68.15 0.313% 16.21
1.533675 1.5 69.81017245 68.15 2.436% 16.50
1.5986313 1.6 70.11375479 68.15 2.882% 16.13
2.121 2 70.67663039 68.15 3.708% 14.61

Figure 4.3: Graphical comparisons between attributes in 4.2.

conduct bunching experiments in tandem. Although discussed during section 5, the

limitation of the machine learning model did effect the amount of quality data that could

be recorded. Despite these factors, the experiments ran without issue and provided

sufficient data which is simple to understand for the realisation of the efficacy of the

proof-of-concept application. The main factors that effected the data gathering should

be considered during future experimentation is the human error and machine learning
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Figure 4.4: An example capture taken of a cherry bunch 0.3m away from the camera
origin. The Depth map (right image) represents all LiDAR data per pixel gained from
the IOS device.

Table 4.3: Findings from Cherry Experiment 1

LiDAR Fruit Estimated Ground Error Approx.
Distance (m) Distance (m) (mm) truth (mm) (%) Time (s)
0.3077052 0.3 26.85323097 27.89 -3.717% 16.42
0.6315052 0.6 27.01314906 27.89 -3.144% 16.20
0.921012 0.9 28.17749381 27.89 1.031% 15.04
1.280971 1.2 29.20715837 27.89 4.723% 14.65
1.5709379 1.5 28.79901473 27.89 3.259% 15.30
1.87319 1.8 29.53703816 27.89 5.906% 16.28

Table 4.4: Findings from Cherry Experiment 2

LiDAR Fruit Estimated Ground Error Approx.
Distance (m) Distance (m) (mm) truth (mm) (%) Time (s)
0.3025509 0.3 26.23662445 26.15 0.331% 16.28
0.611109 0.6 26.17634321 26.15 0.101% 15.30
0.91952 0.9 26.27827547 26.15 0.491% 16.29
1.246439 1.2 27.20774317 26.15 4.045% 15.11
1.537166 1.5 27.10948979 26.15 3.669% 16.49
1.8779037 1.8 27.17544928 26.15 3.921% 15.92

model (see section 5).
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Figure 4.5: Graphical comparisons between attributes in 4.3.

Figure 4.6: Graphical comparisons between attributes in 4.4.

4.3 Summary

The purpose of this chapter was to present data as clearly as possible, to determine the

validity of the IOS application employing the aforementioned method. Diverse fruits
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Figure 4.7: This is the specimen of interest in the captures conducted in 4.5.

Table 4.5: Findings of Flat Surface Manual Intervention Experiment

LiDAR Fruit Estimated Ground Error Approx.
Distance (m) Distance (m) (mm) truth (mm) (%) Time (s)
0.55322266 0.5 74.34 75 -0.880% 16.04
1.1123047 1.1 73.69 75 -1.727% 15.63
1.7089844 1.7 74.77 75 -0.307% 15.39
2.2792969 2.3 75.5 75 0.667% 16.72
2.765625 2.75 74.33 75 -0.893% 15.42
3.3632812 3.3 75.67 75 0.893% 16.41
3.9394531 4 76.33 75 1.773% 15.78
4.375 4.3 73.83 75 -1.560% 16.78
5.0273438 5 72.27 75 -3.640% 16.34

Table 4.6: Findings Post Modification Applied to the Apple Experiment 1 Dataset

LiDAR Fruit Estimated Ground Error Approx.
Distance (m) Distance (m) (mm) truth (mm) (%) Time (s)
0.52197266 0.5 70.3793118 70.38 -0.001% 16.47
0.7529297 0.75 70.23435051 70.38 -0.207% 16.43
1.0107422 1 70.33067959 70.38 -0.070% 15.61
1.25 1.25 70.36024972 70.38 -0.028% 15.99
1.4667969 1.5 70.31322559 70.38 -0.095% 14.95
1.5859375 1.6 70.35031596 70.38 -0.042% 15.26
1.9912109 2 70.72046553 70.38 0.484% 16.23

were shown to better show whether major discrepancies occur among varying fruit sizes.

These discrepancies are discussed in the next chapter.
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Figure 4.8: Graphical representations of 4.5. This is discussed further in 5.1.3.

Figure 4.9: Graphical representations of 4.6. This is discussed further in 5.1.5.
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Figure 4.10: This experiment is responsible to test the machine learning model that is
derivative of this paper [1]. The total cherries in this bunch are a total 52. The bounding
box have indicated only 29 detected cherries.
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Figure 4.11: This experiment is responsible to test the machine learning model that is
derivative of this paper [1]. The total cherries in this bunch are a total 52. The bounding
box have indicated 71 detected cherries.



Chapter 5

Discussion

This section will cover the findings in detail as well as attempt to answer the shortcom-

ings of the proof-of-concept application. Furthermore, the discussion will contain a

dedicated component related to the benefits of the application and whether it has met

the initial goals mentioned in 3.1.1.

5.1 Findings Analysis

To remind, the focus aims of the experiments is to determine the validity of the de-

veloped applications in terms of accuracy and to determine the efficiency gain over

standard conventional methods (see 3.1.1). Determining these objective goals would

also provide valuable information as to whether this application is worth investing

further for development, time and resources.

5.1.1 Apple Experiments

To remind, the focus aims of the experiments are to determine the validity of the

developed applications in terms of accuracy and to determine the efficiency gain over

standard conventional methods (see 3.1.1). Determining these objective goals would

84
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also provide valuable information as to whether this application is worth investing

further in development, time, and resources.

Findings

1. Apple Experiment 1

• Overall error range percentages between 0.5m and 2m are within 6%.

• The worst error range percentage was 5.660% at 1.25m distance.

• The best error range percentage is boasting -0.001% at 0.5m.

• Despite 1 result, the trend shows steady increase in error range percentage

as distance from object increases.

• The average time taken for each capture is 15.47s.

2. Apple Experiment 2

• Overall error range percentages between 0.5m and 2m are within 4%.

• The worst error range percentage was 3.708% at 2m distance.

• The best error range percentage is boasting 0.292% at 0.75m.

• The trend shows steady increase in error range percentage as distance from

object increases.

• the average tine taken for each capture is 15.60s

3. Apple Experiment 1 Post Modification

• Overall error range percentages between 0.5m and 2m are within 0.5%.

• The worst error range percentage was 0.484% at 2m distance.

• The best error range percentage is boasting -0.001% at 0.5m.



Chapter 5. Discussion 86

• The trend in this experiment is less obvious however, most of the error

ranges are negative and show that the results are lower than the ground truth.

• The average time taken for each capture is 15.85s.

5.1.2 Cherry Experiments

Many fruit archetypes like blueberries apples and bananas tend to grow in a group-like

manner. Therefore, the experiments on cherries in a bunch were required to determine

whether the diameter estimations would be significantly varied compared to that of the

single fruit measurements. For reference, the results that are discussed in this section

are 4.3 and 4.4.

Findings

1. Cherry Experiment 1

• Overall error range percentages between 0.5m and 1.8m are within 6%.

• The worst error range percentage was 5.906% at 1.8m distance.

• The best error range percentage is boasting 1.031% at 0.9m.

• The trend shows steady increase in error range percentage as distance from

object increases.

• The average time taken for each capture is 15.65s.

2. Cherry Experiment 2

• Overall error range percentages between 0.5m and 1.8m are within 5%.

• The worst error range percentage was 4.045% at 1.2m distance.

• The best error range percentage is boasting 0.101% at 0.6m.
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• The trend shows steady increase in error range percentage as distance from

object increases.

• the average tine taken for each capture is 15.90s

5.1.3 Flat Surface Manual Intervention Experiment

As mentioned in the data gathering strategies, a test for flat surfaces was required to

compare with the results produced via fruit specimens as the data comparison could

show some trend or not (see 3.1.2). The experiment also tests for longer ranges beyond

the distance calibrated for (see 3.2.2). The pixel measurements are where the manual

intervention occurs for this experiment which creates an extra test for whether the

machine learning model has a heavy influence on the accuracy produced.

Findings

1. Flat Surface Manual Intervention Experiment

• Overall error range percentages between 0.5m and 5m are within 4%.

• The worst error range percentage was -3.640% at 5m distance.

• The best error range percentage is boasting -0.307% at 1.7m.

• There is no obvious trend in the data isolated.

• The average time taken for each capture is 16.06s.

5.1.4 Count Experiment

This particular experiment is not so much a focused experiment on the accuracy of

the design more so than it is the test of the actual machine learning model itself. As

mentioned before the model was provided externally by Hectre and is a derivative model

from this paper [1]. The model is designed to be detecting fruits in a bin. The results
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shown in 4.10 and 4.11 are significant in that it demonstrates the need for a dedicated

machine learning model.

Findings

1. Count Test 1: 29/52 Cherries detected (see Fig. 4.10).

2. Count Test 2: 71/52 Cherries detected (see Fig. 4.11).

5.1.5 Interpretations of Findings

This section attempts to understand the findings that were produced by the proof-of-

concept application.

Apple and Cherry Findings Interpretations

To remind the experiments were to essentially identify the worthiness of the proof-

of-concept without any manual intervention. The common trend amongst the apple

experiments is that they were accurate as they boasted a low error range percentage

under the 6% window which comparatively competes with alternative strategies of

fruit sizing such as [123] and [15]. A surprising result is the lowest recorded error

range percentage of -0.001% during the apple experiment 1. With accuracy like such,

greater deductions can be made for the fruit maturities and better harvesting decisions

can be made. Despite the impressive results of some readings, some readings can be

considered sporadic, hence the anomaly values of 5.660% and 3.708%. Although the

reasons for the production of such values are mute, there are deductions via some of the

alternative values from the tests that can give hints. One said hint is the calibration itself

mentioned during the calibrations section (see section 3.2.2). The reason to suspect

this is the nature of how the calibration was done as well as the impact it has on the

result size values. In all cases of the data, the calibration is responsible to tie in the
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information between the distance away, true width of, and pixel width of/from the object

(see section 3.2.2). Therefore making this component is effective in the fluctuations of

the produced accuracy due to human error. Another aspect to realize is that a trend was

present in the data. This trend was shown to be an increase in the error range percentage

as distance increased from the fruit of interest. This could likely be a combination of

issues regarding the bounding box production as well as the post-calibration parameter

being applied to the 3 variable exponential curve of best fit function mentioned during

the back-end development section(3.2). From these experiments an early assessment

can be made, this assessment is surrounding the heavy importance of the calibration and

the bounding boxes produced by the machine learning model (see 5.3.1). The results for

the average time taken for both apple experiment capturing times taken were 15.47s and

15.60s respectively. What is the significance of these results? The main significance is

the fact that the time taken and the accuracy produced are capable of competing with

other methods such as [123], [15] and [26] at an arguably lower cost. Due to these

reasons the application far exceeds the initial expectations and far exceeds the goals

validity test for On-Tree measurement.

Much like the prior apple experiments the results are similar in showing the accuracy

values. The trend of increased error is also displayed in both cherry experiments. This

particular experiment identifies the efficacy of the proof-of-concept for smaller fruit

types such as cherries or blueberries. The cherries being smaller in comparison to

that of other fruits like the apple means the error range percentages induced by the

application mean more in comparison to other fruits as it affects the yield results during

post-analysis of orchard management. During the experiments conducted, the shortest

error range percentage amongst the 2 cherry experiments is 0.101% retrieved from the

0.9m range. The highest error range percentage is 5.906% taken at 1.8m. The highest

value amongst all of the experiments is the aforementioned and furthers the notion of

retrieving sizes of smaller fruits. Furthermore, as observed in the apple experiments, the
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trend of an increase in error range percentage is shown as the distance is increased. It is

also important to note the first 2 readings of cherry experiment 1 4.3 shows negative

values indicating the under-sizing of the cherry. The size of the fruit is also affected

more by the parameters in the back-end part of the proof-of-concept as the human error

discrepancies can apply large changes to the resulting diameter. The time results for

each capture are shown to be quick just as before resulting in averages such as 15.65s

and 15.90s. Overall results in the occluded bunch tests are promising for the individual

cherry readings and show similar efficacy to the On-Tree apple experiments. The next

section (see section 5.1.5) will explore some modifications made to apply a band-aid-fix

to the standard error range percentage increase trend observed in the prior apple and

cherry experiments.

Post Modification Interpretations

This particular experiment should not be considered a concrete solution to the issues

that pertain to the functions in the back-end component responsible for the derivation

of the estimated distance value. This is however a patchwork to the existing script

to significantly increase the quality of the results based on the Apple Experiment 1

On-Tree Scenario data set. Crudely, this approach to improving the accuracy is to mimic

a dynamically changing parameter.

The Fig. 5.1 shows the so-called modifications made to the back-end specifically to

the script as seen in Fig. 3.13. The basic idea came to fruition after the apple experiment

2 data gathering. After noticing the increase in the error range percentage, it was worth

an attempt to see if the parameters holding a static value would affect the outcome of

the diameter results. The apple experiment 1 data set is chosen to employ the changes.

Although a band-aid fix, the results from the post-modification experiment (see table

4.6) are based on the original data set of apple experiment 1. Once again it would not be

responsible to consider this as part of the design solution more than it is a confirmation
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Figure 5.1: Simple if-else statements to apply rudimentary dynamism to alter parameters
based on distance from object of interest.

of the suspicion that the calibrated parameters are important to the overall outcome. The

results procured through this fix are highly accurate and all error range percentages are

within 1%. As this is data-set dependent it is strictly used as a matter of confirmation

and future inspiration for a dynamically changing parameter as discussed further in

5.3.2.

Flat Surface Manual Intervention Interpretations

This experiment has a reason to be here and that is due to the way it will compare against

the fruit-based experiments. This test will specifically test the range in which the error

range percentage increases to where a drop-off range is identified, as well as provide

valuable information regarding the accuracy trends compared to those experiments done

on fruit. The interesting aspect of this experiment is that it provided little insight into

any trends previously mentioned in 5.1.5. This experiment produced surprising results

at long ranges with error range percentages not exceeding higher than 4% which is more

than enough range in an orchard setting. The evidence gained has only proved that this

method is comparable to competing methods much like the previously mentioned [15],

[123] and [1]. Despite the positive notes, there seems to be a large increase in the error

range percentage shown in the 5m capture. The cause can be directed to the calibration

as only ranges between 0.5m and 4m were taken into consideration. Overall, these

results are positive, proving that the calibrated parameter and pixel-perfect information
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is highly important for high-accuracy estimations.

Count Findings Interpretations

Finally the test against the machine learning model derivative of the model based

on scenarios as shown in [1]. Fruit counts such as 76 out of the actual 52 cherries

were detected in the cherry bunch scenarios. The threshold for the model required

reduction to 0.1 as values higher would procure no detection. The importance of taking

these experiments and discussing them is to identify the areas that require work. The

machine learning model requires reworking if this is to go further in development as

the bounding boxes are a large component of accuracy as previously mentioned (see

section 5.1.5). Furthermore, the rigidity of these bounding boxes shown in 4.10 shows

how the threshold reductions relieve the tight attachment to the corner of the fruit.

In the case of this project, the closer to the edge of the fruit the better the accuracy.

Both experiments for machine learning produced lackluster results and this is simply

because the scenarios that are applied during these experiments are not the standard on

which the model was trained. During prior experiments to get the captures to recognize

fruit several captures were taken hence the above experiments being unaffected by

the situations where bounding boxes were not produced. Further discussion of the

improvements of the machine learning model is made in section 5.3. Although, there

were outliers as shown (see section 4). This means that the accuracy is also tied to that

of the box construction and is a prerogative for future iterations to further the machine

learning model to accommodate tighter boundaries and On-Tree scenarios. Another

great demonstration of this experiment is the efficiency. Earlier it was noted that the

times for these types of captures average between the 14 and 16 second range resulting

in swift data gain in short amounts of time. This is discussed further in this section.
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5.2 Validity and Viability

Although the application contains minor shortcomings, the benefits far exceed those

negatives. As per section 3.1.1, the achievements will be discussed further below in

section 5.2.1. Furthermore, some failed attempts the proof-of-concept will be discussed

and explored.

5.2.1 Overview Goals and Failed Attempts

• Python and Swift

– Although this goal is unrelated to the performance efficacy of the project

itself yet provides general benefits for integration. Python was the choice for

the back end to seamlessly merge with the existing machine learning model

and save time overall. The merging was successful as the design of the code

was based on a plug-and-play idea. Based on object-oriented programming,

the functions were segmented to then be able to call them at later stages.

This allowed for an easy transition when developing off-hand and provides

further developmental benefits when modifying as discussed earlier.

– As for the front end development there were some difficulties constructing

the interface and functionalities (see section 5 Difficulties). Despite the

difficulties, the interface was functional as well as the implementations of

AVFoundation allowed for the retrieval of the LiDAR data captured by the

sensor on the IOS device. Currently, the front end is based on prior code

provided by the Apple Developer page which hosts demo code for free

usage. For reference here is the specific demo that was utilized [119]. As

the main point of this thesis is to provide a viable proof-of-concept, there

was no need to focus on the aesthetic view of the application hence why
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The interface is currently not flashy or appealing however its conception

fulfills the goal of using Swift to develop a front end.

• LiDAR and Image Extraction

– This process was done as part of the front-end and is discussed in detail in

the methodology (see section 3.2). There were several previous attempts

to retrieve LiDAR from the IOS device, one of the approaches revolves

around the Photogrammetry approach in which point-cloud data would be

extracted similar to this paper [15]. Point cloud data is universally used in

Photogrammetry based tasks such as [124], [125] and [15]. The approach

conceived initially for this project was to overlay point-cloud data on top of

the image data to gain the location of the fruit with exact distance values

from the fruit. It was also unneeded for the pixel values as the distance

across the flattened point cloud was exactly in meters, therefore creating a

bypass that may have produced quick processing. However, this approach

was attempted and was a failure due to the sensor of the LiDAR being offset

from the camera causing warping issues when it came to overlaying (see

Fig. 5.2).

Rotational matrices were also a large factor in the failed attempts as the

gyroscopic orientation of the IOS affected the angles in which the point

cloud would be constructed. These minor issues eventually combined to

create a failed approach that did not meet the standards. This failure led

to the development of an innovative approach, applying knowledge from

others in the field of IOS development, and attention was drawn to the

AVFoundation method. AVFoundation is a commonly used library in IOS

to develop applications revolving around determining the depth values of

a photograph. This method was highly beneficial as it was tied to the
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Figure 5.2: The initial point cloud approach to gain the distance information. The
bottom sector of the figure displays the inaccuracies of this approach as the matching
does not line up with the image.

captured image itself. There were slight drawbacks regarding the resolution

downscaling for LiDAR map information, yet the results say otherwise in

terms of the accuracy achieved. It also provided distance values for each

pixel on the image, unlike the prior method which would be accurate but

not provide distances for each pixel and would require further processing

to achieve the same. The AVFoundation-based approach revolves around

using the LiDAR camera like a point cloud construction yet it will follow

through an estimation algorithm to determine the in-between pixels that do

not get scanned. Despite the unwanted estimation-based calculations, it has

proven to be of minor concern. The LiDAR values were saved in a simple
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text file with specific artifacts separating the pixel locations as well as the

distance values. This text file including the associated image data is part of

the data packet that is sent via the share button.

Slightly less troublesome was the image-capturing method. It was based on

a basic camera controller that standard IOS applications commonly apply.

The extraction of the image would always result in JPEG extension images

rather than JPG images, which did conflict later in the backend processing,

however, a simple script was implemented to work around this to simply

replace the latter extensions of the images. The resolutions were required

to be high as the machine learning model was trained on decent-quality

images. The prior mentioned failed attempt would not be able to produce

high-resolution images as the point=cloud snapshot feature on the alternative

Swift Arkit framework produces foggy image quality. The final approach

that was successfully allowed for both LiDAR and image to be captured

at the same time circumventing the need for matching algorithms in the

backend post-processing. Finally, as mentioned earlier (see section 3.2) the

extraction was done via a share button. The share button was beneficial to

transfer the data packet containing all important data for post-processing as

it was capable of flexibility. At this stage of the project, it was necessary

to provide a method to move the files to other locations rather than a single

target however it will be changing in future iterations to further decrease the

average time for capture (see section 5.3.2).

• The Machine Learning Model

– Surprisingly, this project was very minor in the involvement of the training

of a model for On-Tree fruit detection. The model was based on the fruit

that was in the bin scenario shown in [1]. As mentioned earlier the bounding
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boxes produced by the machine learning model is the foundation for pixel

width derivation in the backend. The workaround was simply lowering the

threshold which alleviates the rigidity of the detection. This also meant

that taking captures of consistent angles that produce the bounding boxes

for the apple experiment was required. The tediousness came in finding

those angles that would work with the machine learning model. Although,

thanks to the speed at which captures are taken it was manageable during

the experimental stages of the project. For future iterations, a new model

that encompasses the true requirements of an On-Tree scenario should be

considered as it is one of the backbones of the entire application gaining

accurate pixel width readings.

• Retrieve distance for each fruit in the image

– This aim came in tandem with the machine learning aspect of the project

as essentially if the locations of the fruit are known it was possible to

know the distance away from said fruit. Initially, there were concerns

about getting unreliable readings in which distance values would miss

the fruit via edge readings. This was a known issue that could arise and

therefore accounted for it through the centre detection method. The centre

detection is detailed in the methodology (see section 3.2) but for brevity,

it utilizes basic mathematical midpoint calculations between the detected

bounding box corners to isolate the centre of the fruit. This means that

the target of interest is always going to be selected without obstruction

or misinterpretation via the edge of the fruit. The process involves the

conversion of the coordinate values gained from the machine learning to

then map that onto the list of distance values in the text file. There is an

unfortunate drawback that is inevitable with this approach – that being the
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fact that overlapped fruit with hidden centres will not yield an accurate

result. Because the midpoint detects the centre of the bounding box/fruit

the centre is always the target and disregards artifacts that may obstruct

that centre position yielding incorrect estimations of distance. Despite this,

the results shown during the experimentation even in bunch scenarios were

successful. Still, future improvements should be considered to at least

account for partially covered fruit with the centre covered.

• Use all data gained to derive a size estimation of all fruits detected

– The size estimation function is successful, and the aim was met yet there

are some concerns about the approach. The one concern regarding the

approach is evident in the experiments done, the ever-increasing gap in

the error range percentage. The trend was observed showing an increase

in the distance between the fruit and the camera. This issue is heavily

tied to the backend and how the parameters affect the results. This was

evident in the upgraded version of the script which was responsible for the

manipulation of the parameters based on the range from the fruit of interest.

The initial calibration was responsible for the resulting single parameter

used for all ranges. However, a dynamic method should be explored to

further the accuracy of the application. Despite this drawback trend in the

error range percentage, the results are formidable with none of the values

showing a range beyond 6%. This means that the goal of deriving the size

estimations was met with moderate success with a bright future in terms of

improvements (see section 5.3.2).

• Derive viability of method moving forward which includes time efficiency and

accuracy compared to standard methods:
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– All the goals have to lead to this final achievement and is the main conjec-

ture as to whether this application is a successful proof-of-concept. The

consensus based on the results is that it is a sufficient proof-of-concept that

provides a substantial increase in the efficiency of yield gain in On-Tree fruit

scenarios. This proof-of-concept competes with these papers [123], [15],

[26] when it comes to accuracy efficacy. The main sell for this proof-of-

concept is the speed at which data is collected and processed. The average

times that were recorded to take one single capture of an entire scene – in

this case, a tree – is between 14 and 16 seconds compared to alternative

methods that claim slower processing times [15]. While the accuracy tests

can be further improved (see section 5.3.2), the current version is a suc-

cessful asset to those who wish to take control of their own data analysis.

The conception of this lightweight novel approach to On-Tree fruit sizing

will set a positive precedent in the field of smart farming. Not only does

the proof-of-concept compete with those prior mentioned smart farming

approaches, but compared to those common manual by-hand methods, it far

exceeds in terms of efficiency. This significantly increases the sample rate

compared to manual intervention methods (see section 5.2.2). As the exper-

iments demonstrate, the application can gain many readings with adequate

accuracy that will be further improved in future iterations already allowing

a competitive alternative (see section 5.3.2).

5.2.2 Realistic Benefits

During this sub-section, the major benefits of this novel approach will be discussed.

The benefits will compare the current standards of orchard yield analysis to this proof-

of-concept application. There will be 3 main categories that will be discussed – Time
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taken, Expertise, and Accuracy.

• Time: Although covered multiple times in the previous sections, the comparison

to standard practice has yet to be done. The standard practice in many orchards

makes use of tools such as calipers to size fruit. Few samples are usually done

per tree to determine the prediction of the yield later in the year. Compared to a

caliper approach the speed at which this application performs to gain multiple

samples at the same time is significant. Furthermore, data availability is not

barricaded by the Excel spreadsheet as it is done automatically which therefore

further decreases the amount of time spent on recording data and increases time

for creating an informed business decision based on the data gained.

• Expertise: Currently some orchard owners rely on those with the expertise to

gain the data for the informed decisions to be made. Whether the expertise is

valuable is not in question but more so the unwanted worry of relying on a third

party to assess the orchard. There are also possibilities of appointments being

missed and therefore causing further issues for the orchard. The reason why

this is mentioned is that the sampling process is an important part of being able

to deduce well-informed decisions. With the absence of a third party and the

employment of the developed application, the sampling process is in the control

of those who own the orchard. This will then allow orchard owners to understand

their yields and gain expertise for themselves – creating better decisions for when

harvest times occur.

• Accuracy of the Data: The main draw for orchard or farm adjacent owners to

consider shifting resources like that of this proof of concept is the sheer amount

of sampling possible. Current standards like that described in [16] show analysis

that accounts for 25% of the canopy and provides estimates within 7% error

range percentage. Compared to the results mentioned in [16], the application can
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estimate within 6% of the true ground truth of the fruit. Furthermore, the tool can

encompass the contents of the entire tree if it is visible to the camera. The data,

at this stage, slightly surpasses the standard as well as demonstrates efficiency by

encompassing the entire subject. This means the sampling rate is quick, accurate,

not manual, and large. The emphasise on large is important as more samples

mean better informed decisions.

5.3 Limitations and Future Improvements

The project while producing promising results still pertains to some significant draw-

backs that either can be changed or cannot be due to the inherency of the technology

itself. The section will be segmented into smaller sub-sections for stating the limitation.

5.3.1 Limitations

• Dead Angle:

– The so-called ‘dead’ angle is a limitation of the application where the attempt

to record the diameter size is heavily influenced by the angle/perspective

of the edge. Despite the application being designed around this limitation

as it simply takes the cross-section diameter across via the bounding box,

it is still an issue. The limitation takes into effect mainly when the fruits

are positioned in a manner where perspective obscures their true width as

most fruits are not perfectly round. Because of the calibrations to get the

conversion parameters for the diameter determination, the angles of the

edges must be flat. This limitation is difficult to address as it would need to

revolve around an entirely new approach to receiving the diameter values

replacing the existing parameter function.
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• Range from object:

– This limitation has been addressed in prior sections and revolves around the

limited range in which captures accurately derive the diameter size. Once

again, this limitation is caused due to the lack of calibration for further

ranges. At this stage, the range maximum is 4m. Despite the max calibrated

range being 4m, there are significantly different diameters of the same fruit

at 2m compared to 0.5m as shown in the results. This was addressed as part

of a band-aid fix where the parameters would be calibrated for each range

away from the object of interest and were encapsulated in a rudimentary

if-else statement. This is not a permanent fix and should not be considered

a fix. The best probable future fix is to create a function that can handle

the varying ranges and correctly alter the parameters to produce accurate

results void of the variety of data-set. This would make it robust enough to

maximise the full range of the IOS LiDAR.

• Image Quality and Resolution:

– As the machine learning models are trained on moderately high resolutions,

the images that are passed into the model must be at least moderate quality.

The pixel measurement adhered to in this project were 1440 by 1920 pixels.

Due to the rigidity of the current code, the pixel count must be accurate as it

would otherwise cause large issues when conversions occur for the retrieval

of the distance values in the text file. This can be easily circumvented via

a dynamic conversion function. By taking the shape of the image, it will

provide the pixel dimensions of any image. After this is complete, we

compare the pixels defined by the shape and auto-generate the conversion

values. Fig. 5.3 shows the current resolution conversion.
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Figure 5.3: The conversion values (purple).

• LiDAR inherent limitations:

– These limitations unfortunately are out of the immediate control of the

project itself as it revolves around the LiDAR sensor provided by IOS.

As explored in section 2, LiDAR tends to struggle in adverse weather

conditions that cause reflectivity [31], [32]. Reflectivity is an attribute in

many objects, some more prevalent than others. Fruit-like apples have a

reflectivity spectrum that fluctuates depending on the moisture in the air and

the weather conditions such as sunshine or rain. As this thesis aimed to find

the efficacy of the proof-of-concept application based mostly on the accuracy

merit, hence the experiments were done in moderate sunshine conditions.

The LiDAR sensor situated in the iPad pro and iPhone 12 functions at

a maximum range of 5m which is more than enough for the tasks this

application is responsible for. The 5m drop-off range is demonstrated during

the flat surface manual intervention experiment as the error range percentage

spikes (see section 4.5).

• Occluded Fruit:

– There is an issue with the occlusion of the fruits as mentioned in similar

approach papers such as [15]. When fruit is in bunches, fruits can become

overlapped on top of each other. This limitation affects the method of
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distance retrieval obscuring the centre of the fruit will cause distance values

to fluctuate.

5.3.2 Future Considerations and Improvements

This section will piggyback off the previous, encompassing all the prior limitations, pri-

oritising those suggested in the previous section as well as those mentioned throughout

the whole body of work. This is a list of exploratory research that would benefit the

robustness of the project in the future:

• Increase speed of capture and file package transfer fluidity:

– Currently this process is fragmented and slower than it needs to be and can

be further increased via a server implementation for backend processes. The

time for capture would significantly increase and background upload im-

plementation would also further the quality of life for users when deployed

into a real setting.

• Account for the overlapped centres of fruit resulting in faulty distance readings:

– As explained earlier, the distance readings are gained from the centre posi-

tion of the fruit meaning any fruit with an obstruction of the centre would

cause distance discrepancies. Absolving this issue would make a far more

reliable tool that can easily be integrated into highly bunched fruit types

such as blueberries or blackberries.

• The pixel length retrieval method:

– Although dependent on the bounding boxes, it is the concern of how the

pixels are retrieved in function calculation described in section 3. The

current method accounts for one single horizontal cross-section disregarding
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the vertical cross-section. By taking both the vertical pixel length and

horizontal it is possible to derive an average pixel length which in turn may

increase the volume calculations of a fruit.

• Consideration for varying fruit types:

– This application will for future development be used to calculate the volume

of the fruit. This is a concept that was initially disregarded due to time

constraints. However, future exploratory research in this area should be

considered as there are varying shape volumes for fruits. For example,

cherries and mandarin volumes are different in orientation. Employing a

conditional function that, based on the fruit detected will change the volume

calculation based on the average volume structure of the fruit.

• Dedicated machine learning model:

– This is one of the main improvements that require attention post-proof-of-

concept. The nature of the project is based on the produced bounding boxes.

Therefore, a dedicated training data set for specifically On-Tree scenarios

should be collected to train a model for deployment post-proof-of-concept.

• The consideration of an automated system:

– This application is based on IOS and currently intends to be used by humans.

However, due to the lightweight nature of the product, it would be wise

to consider further automation done via drones. Drones are known to be

used for many modern automation tasks such as shown in these papers

[126], [127], [128]. This would be farther down in terms of immediate

improvements yet it should be considered as due to the lightweight and

cost-efficiency of the proof-of-concept application funds can be employed

towards a drone for automation.
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• Occlusion investigations:

– The occlusion problem for the detection of fruit has been recognised in

papers such as [15] and is a current limitation in this proof-of-concept.

The paper [15] proposes a solution of discarding heavily occluded apples

resulting in lower sampling but an accurate sampling. Another consideration

is the usage of a photogrammetry-based LiDAR point cloud to account for

occluded fruits similar to that implemented in [15].

5.4 Summary

The discussion chapter extensively explores the findings of each experiment covering the

noticeable shortcomings of the tool and benefits. As the title of the thesis has suggested,

the validity and viability of the proof-of-concept application has been thoroughly

assessed. Overall, the findings suggest that the validity is highly promising. With

further refinement in the method and considerations to the limitations of the product, it

is looking to be a highly promising application. The future prospects for the product are

to mainly increase the flexibility of the machine learning aspect of the product while

also applying the highly realistic tree scenarios on an orchard to further the confirmation

of the validity. Despite few of the aforementioned drawbacks such as the dead angle,

occlusion and LiDAR related issues the proof-of-concept has been proven and is likely

to continue development.
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Conclusion

Finally, this thesis provides an outline of the steps taken to create a basic proof-of-

concept application. The major goals for the project were to create an application

that overall increases efficiency, quality of life, and accuracy using LiDAR sensors in

On-Tree scenarios for fruit detection. Current manual approaches are tedious and do

not appreciate the whole tree when recording the sample yield, whereas this proof-of-

concept can record large amounts of data from a single tree. This project particularly

builds upon this paper [1] where instead of manual intervention at any stage, sample

rates can exponentially increase via the hands-off On-Tree approach. Section 2 of the

paper highlights the adjacent knowledge of alternative works, covering the background

work as well as the functionality of realms such as R-CNN, Smart Agriculture as well

as the pre-big data era of object detection. Section 2 also provides the limitations

inherently with LiDAR ranging from the lack of performance in adverse weather

conditions and reflectivity issues mentioned further in section 5.3.1. Section 3 describes

how development was conducted as well as the methodology of how data was to be

collected. Furthermore, the intended goals or achievements were clearly defined as the

following.

• Use python programming language to develop prototype backend.

107
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• Use Swift programming language to develop prototype front-end.

• Successfully extracts valuable LiDAR and image data for backend processing.

• Use the provided machine learning model to derive the locations of fruit.

• Retrieve the distance from the detected fruit for each fruit in the image.

• Use all data gained to derive a size (diameter) estimation of all fruits detected.

• Derive viability of method moving forward which includes time efficiency and

accuracy compared to current standard methods.

All of the goals mentioned were successful to the degree of a proof-of-concept

standard. The viability of the proof-of-concept is key to answering the research men-

tioned in section 3.1.1. Section 4 surrounded simple experiments that tested the distance

accuracy range percentages between 0.5m and 2m from the fruit of interest. Count

experiments were done to illustrate the provided machine learning models’ capabilities

to determine that this model will be revamped for better results as the bounding boxes

affect the accuracy of the diameter measurements. An extra experiment applied a hotfix

that highlights the need for a dynamic function that alters the parameters based on

the distance away from the fruit. The accuracy values gained from the experiments

between the tested ranges were promising showing error range percentages within 6%.

Furthermore, a flat surface manual intervention experiment was conducted to test the

long-range validity of the proof-of-concept as well as further confirm the reliance on a

strong machine learning model (see section 5.1.5). This draft product is on track to per-

form better than alternative approaches as the lack of manual intervention, the increase

in sample rates per tree, and the control that the application provides to the orchard

owner are highly favourable. Although this application is still a proof-of-concept it has

provided enough positive leverage to consider the following future works.
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• Capture speed increase via server integration and automatic upload.

• Rectify the centre overlapping issue with an alternative approach for receiving

the distance of the object.

• Modify the pixel length retrieval method.

• Use the provided machine learning model to derive the locations of fruit.

• Considerations for volume difference amongst fruit types.

• Dedicated machine learning mode for On-Tree scenarios.

• Automation consideration with drone technology

• Occlusion management (related to the rectification of overlapping issues).

While the product developed may be in some regards rudimentary, it sets a positive

stepping stone in the direction of efficiency in agricultural domains such as orchard

management. As devices that inhabit technology such as LiDAR continue to reach

the normal user, the more viable this type of approach becomes. Because the proof-

of-concept application has seen success in terms of the initial goals set and questions

answered, there is a promising precedent for future versions of this product to flourish.

Finally, the validity of IOS-based LiDAR devices for fruit sizing has been tested

and proven promising for the future market empowering those running their farms or

orchards. With the advent of sampling methods derived from this proof-of-concept,

manual intervention expertise-based sampling approaches may become a modicum of

the past.
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