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Abstract

The New Zealand apple industry is predominately an export-oriented industry relying
on manual labour throughout the year. In recent years, however, labour shortages for
harvesting have been jeopardising its competitiveness and profitability. Temporary
immigration labour programs, such as the Recognised Seasonal Employer (RSE)
program have not been able to solve the labour shortages, urging the industry to
consider use of harvesting automation, i.e. robotic technology, as a solution. Harvesting
robots are still in commercial trial stage and no studies have assessed the economic
feasibility of such technology. The present study for the first time develops a bio-
economic model to analyse the investment decision for adopting harvesting robots
compared to available alternatives, i.e. platform and manual harvesting systems, using
net present value (NPV) as the method of analysis; for newly established single-, bi-,
and multi-varietal orchards across different orchard sizes, and three apple varieties
(Envy, Jazz, and Royal Gala); and implications of orchard canopy transition and

associated sensitivities are considered.

The results of the analysis identified fruit value and yield as the key drivers for the
adoption of harvesting automation. For relatively low value and or yielding varieties
such as Jazz or Royal Gala, robots are less profitable in single-varietal orchard
compared to bi-varietal orchard planted with relatively low value and yielding varieties.
In a multi-varietal orchard, a relatively high value and high yield variety, such as Envy,
is crucial to compensate for the costs incurred for harvesting other varieties using robots

or platforms.

The greatest potential benefit of utilising harvesting robots was reducing pickers
required by an average of 54% for Envy and 48% for each of Jazz and Royal Gala
across all orchard sizes compared to manual harvesting; and 7% in average for each of
Envy, Jazz, and Royal Gala across all orchard sizes compared to platform harvesting
system. This study also identified the break-even price for a robotic harvester in a
single-varietal orchard, showed that the break-even prices exceeded the assumed price
of the robot, and are highly variable depending on the varietal value and yield, where
Envy as a relatively higher value and yielding variety returns a break-even price of
$2.92 million compared to relatively lower value and yielding varieties, Jazz with
$674,895, and Royal Gala with $689,608. Sensitivity analyses showed that both
harvesting speed and efficiency are key parameters in the modelled orchard and



positively affected the net returns of the investment and must be considered by
researchers and manufacturers. However, for developers and potential adopters of
robots, it should be more important that robots operate faster, but not necessarily as
more efficient in order to generate a high return while substituting the highest number
of pickers and leaving less unharvested fruit on trees in the limited harvesting window.
Reducing robot price by 12% and 42% can generate an equivalent level of profit similar
to manual or platform harvesting, respectively. Increases in labour wages, and decreases
in labour availability and efficiency adversely affected the NPV and profitability
outlook of the investment, but NPV was more affected by the decreases in labour

efficiency and availability than wage increases.

This research has important science and policy implications for policy makers,
academics, growers, engineers, and manufacturers. From an economic perspective, for
late adopters or those growers who may not be financially able to invest in robots or
may be uncertain about their performance, platform harvesting system can be utilised as
an alternative solution that is commercially available until robotic harvesting
technology improves or becomes more affordable, and commercially available.
Alternatively, it may be possible for these orchardists to benefit from utilising the
robotic harvester in the form of a co-operative or contract-harvesting business model to

avoid the capital costs associated with purchasing and operating the robots.

Besides the economic factors, robotic harvesters have the potential to be considered as a
solution for non-economic factors such as food safety problems. This is more apparent
in the post-Covid-19 pandemic era, which has not only made it more difficult for
growers to source their required workers due to border closures, but also has led
consumers to be more cautious about food safety when they make purchase decisions
and prefer to have their fresh fruit touchless from farm to plate. This may not be a
problem for packhouses as most are automated, but it may be an issue for harvesting
operations, because pickers have to pick apples by hand. Even though robots cannot be
the only option for growers to rely on for the foreseeable future as they are not
commercially available, in the current situation robot harvesting may be the most ideal

solution.

Keywords: Robot, labour, bio-economic analysis, net present value (NPV), New

Zealand, apple industry.
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Chapter 1. Introduction

1.1. Research background

The New Zealand apple industry is the second-largest fresh fruit export after kiwifruit
with an export value of nearly *$900 million in 2020 (MPI, 2019 and 2020). The
industry relies on intensive labour use in particular for harvest (Pollard, 2018).
Consequently, the availability of labour at the time of harvesting is a potential constraint
to the industry and its growth, requiring fruit to be harvested within a short harvesting
period to ensure optimal quality, or otherwise any unharvested fruit are wasted. This
could eventually reduce the profitability and competitiveness of the industry (MPI
December 2017 and 2018; Zhang, 2018).

Temporary immigration labour programs, such as the Recognised Seasonal Employer
(RSE) program have been used by New Zealand apple growers to employ seasonal
workers, mainly from the Pacific Island communities, during the peak harvesting season
(Ashton, 2018; Bartlett, 2018; Eddy, 2018; MPI, December 2017 and 2018) to harvest
apples in the limited harvesting time. However, dealing with labour shortages remains a
considerable challenge for the industry (Ashton, 2018; Bartlett, 2018; Pollard, 2018;
MSD, 2019). In the 2018 apple picking season, the New Zealand Ministry of Social
Development (MSD) announced an official seasonal labour shortage across the main
apple growing region of Hawke’s Bay (Ashton, 2018; Bartlett, 2018). Announcing or
extending a labour shortage across affected regions is considered to be the last option
when all other measures to source sufficient labour have failed. The announcement
allows holders of a visitor visa to apply for a variation of conditions to work on
orchards in this region, in addition to local New Zealand people who may be interested
or able to work in this context (MSD, 2019).

Lately, the Covid-19 pandemic has put further strain on labour shortages in New
Zealand, following the global travel ban and border closure that is put in place by the
government as part of series of measures to fight the pandemic (Bonnet, 2020). These
measures have been blocking overseas backpackers and visitors, who usually make up
about 25% of the workforce in the horticulture industry entering the country (Burry,
2020; Frykberg, 2020; Hill, 2020). Notwithstanding, the Covid-19 pandemic is an

1Al currencies are in New Zealand dollars.



example to demonstrate that such global disasters and unpredictable events can impose
similar risks to the industry, particularly affecting labour availability, given that the

New Zealand horticulture industry mainly relies on overseas workers and backpackers.

The challenge for the horticulture industry is to ensure that there is sufficient labour
available when required and that this workforce is utilised efficiently. Given that labour
is a major cost for tree fruit industry, it is of particular importance for orchardists to
make efficient use of labour (Sinnett et al., 2018). Orchardists who grow apples can use
machinery to make labour more efficient, however, they cannot completely replace
labour with machinery because of the current stage in the evolution of mechanisation

and automation of tree fruit production and particularly harvesters (Sinnett et al., 2018).

Among commercially available harvesting solutions, apple growers can use ladder
(manual), power ladder (semi-manual), platform (hybrid solution, combining automatic
and manual functions), or their combination to assist with not only picking but also
pruning, thinning, and tree training (Sinnett et al., 2018; Zhang, 2018). Currently, there
are robotic systems developed and commercially trialled in the US and New Zealand
that utilise optics, pneumatics, and vacuum technologies to mimic the precision of
human pickers, making them better suited for producing apples for the fresh market
(Schueller, 2013; T&G, 2019; Zhang, 2018).

Fully mechanised harvesting systems have been used in the past by apple growers
mainly for the processed market. Due to the fruit damage caused by the shake-and-catch
technology, the harvested apples are not suited for the fresh market (Burks et al., 2018;
Zhang, 2018). Although, this research is mainly focused on robot harvesting, platform
harvesting is considered as an available alternative to enhance the harvesting speed and

efficiency of pickers (Zhang, 2018).

The process of mechanising and automating tree fruit production for fresh market
requires changes at the farm level in terms of the cultivar and rootstock selection,
traditional orchard practices, orchard design and tree planting density, tree shape and
training, labour incentives and dynamics, harvesting logistics, and operating systems
(Calvin and Martin, 2010; van der Merwe, 2015). These changes can influence the
entire fruit production system leading to better management of inputs and minimisation
of waste, while meeting the quality requirements of harvested fruit for fresh market.

This requires an automation system with comparable performance to human pickers



capable of harvesting ready-to-pick fruits from trees quickly and efficiently without
causing damage to the harvested fruit on the tree (Schueller, 2013; Zhang, 2018).
Notwithstanding, robotic harvest technology has the potential to fully automate apple
harvesting and completely replace manual harvesting labour in the future (Ashton,
2018; Bartlett, 2018; Eddy, 2018).

1.2. Research question and aim

The main question that this research aims to answer is: Is robot harvesting Envy, Jazz,
and Royal Gala varieties structured in two-dimensional (2D) tree canopy system
economically feasible in New Zealand fresh apple industry?

In order to answer this research question, it is important to remember that at present
harvesting robots for fresh market apples are still in their commercial trial phase and no
studies have assessed the economic feasibility of such technology. As such, this
research develops a bio-economic model to analyse the investment decision to utilise
harvesting robots for single-varietal, bi-varietal, and multi-varietal orchards of various
orchard sizes using net present value (NPV) of the investment — incorporating various
aspects of apple production with respect to robot harvesting including physiological
(e.g. tree canopy structure and variety-specific characteristics), technological (e.g. robot
harvesting efficiency), and operation and economic trade-offs (e.g. purchase and
operating costs of robot).

1.3. Research objectives

The present research aims to achieve the following two objectives:

1. To identify the economic feasibility of utilising robot or platform (an available
alternative) on harvest operations of multiple varieties of apples with varying prices and
yields across different orchard sizes.

2. To identify the threshold and scale at which investment in a robotic harvester
becomes profitable for single-varietal, bi-varietal, and multi-varietal orchards using
different scenarios.

1.4. Research contribution

The current research develops a novel bio-economic framework that aims to provide
participants in the industry in particular apple orchard operators and robotic harvest
technology developers, with an overview of the economic implications of the
investment decision in purchasing harvesting robots as a potential solution for
addressing harvesting labour shortages. From a policy and strategy making perspective,
economic, technological, and horticultural components incorporated into the bio-
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economic model can assist policy makers and agri-business professionals to identify
multi-objective agricultural policies and strategies with a specific purpose of facilitating
easier and faster adoption of the technology. This could be achieved by collaborating
with and motivating the private sector to engage with the invention and dissemination of
new output-increasing practices such as educating orchardists about modern production
strategies including suitable orchard architectures and tree maintenance practices (e.g.
pruning), that could pave the way towards easier and smoother transition to complete

mechanisation and automation of apple harvesting using robotic technology.

In addition, the model can provide a common ground for discussion and cooperation
between scientists and experts from various disciplines namely horticulture, economics,
and engineering. The outcomes of the model can be used to help policy makers,
agri-business professionals, and farmers to make informed decisions about potential
management changes to their farm systems that could result in better handling of the
constraints associated with the adoption of the technology, including physiological (e.g.
tree canopy structure), technological (e.g. robot harvesting performance), as well as
operational and economic trade-offs (e.g. purchase and operating costs of robot).

These factors can influence the feasibility of the investment decision, sustainable fruit
production, and overall global competitiveness of New Zealand’s apple industry. In
broader terms, this can create new opportunities in rural communities for better jobs that
may require less drudgery than traditional manual field labour such as manual fruit
harvesting. In addition, the technology has the potential to improve worker safety and
health by reducing the need to use traditional harvesting aids such as ladders for
harvesting fruit on trees (Burks et al., 2018).

1.5. Structure of the thesis

This thesis consists of six chapters which are organized as follows:

Chapter 1 (Introduction) provided the background of this research and introduced the
research problems as well as the research aim and objectives. The research context, the

industry, and the empirical model were briefly introduced.

Chapter 2 (Industry background) overviews the apple industry in the world and in New
Zealand contexts. The chapter provides the historical background and identifies the
driving forces behind the growth of the industry in New Zealand as well as drivers for
switching towards automation in harvesting. Industry production, domestic

consumption, trade, and associated challenges are also examined in this section.
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Chapter 3 (Literature review) reviews and discusses literature on the issue of labour in
agriculture especially in horticulture and the tree fruit industry. Furthermore, the
literature on robotic harvesting systems in horticulture and animal agriculture are
reviewed in order to provide a broader perspective on the applications of the robotic
systems in primary production. Finally, economic studies applied to perennial tree fruit
are reviewed with the aim to examine the methods and approaches that have previously
been used. This will help to identify the most appropriate method for the current

research to assess the investment decision in adoption of the robotic harvest technology.

Chapter 4 (Conceptual model) provides a conceptual framework for the economic
feasibility analysis of three apple harvesting systems (manual, robot, and platform),
taking into consideration key factors in the investment decision such as yield and value
per apple, purchase and operating costs of machines, number of harvesting units
required, number of pickers required, harvesting efficiency and speed, and harvesting

window of each variety.

Chapter 5 (Empirical model) provides a description of the application and data required
to extend the conceptual framework to an empirical model to investigate the investment
decision. This chapter analyses the conceptual model discussed in terms of the data
collection, analysis, estimations, and assumptions based on literature, online databases,
face to face and correspondent communications with representatives from the New

Zealand apple industry, which were used to build the base model.

Chapter 6 (Results and discussions) presents and discusses the key findings of the

analyses and provides a conceptual framework of information on investment decision
making under different scenarios with regard to the ownership and operation of robot
versus platform, taking into consideration harvesting systems, orchard types, orchard

sizes, and varietal selections.

Chapter 7 (Conclusion) provides an overview of the research chapters and a summary of
findings, along with implications and limitations of the research and potential future

directions.






Chapter 2. Apple industry overview

This chapter provides an overview of the apple industry in the global and New Zealand
contexts. The world apple industry with specific focus on production, domestic
consumption, and trades are explained. In addition, an industry overview including key
events and development of New Zealand apple industry are reviewed, attempting to
identify the driving forces behind the industry’s growth. Production and export of New
Zealand apples to other countries are explained, the development of exclusive varieties
is discussed, and the standardisation of apple production that has made the New Zealand
apple industry more competitive globally are elaborated. Following that, the most
important challenges of the industry namely labour management and climate change are
explained.

2.1. The world apple industry

2.1.1. Production

As presented in Table 2.1, over 70 million metric tons of apples were produced
worldwide in the 2018 production year and this is forecasted to increase to nearly 75.8
million for 2019 (USDA, 2018 and 2019). In terms of production, China and the EU
followed by the United States were the largest producers of apples in 2018 with
production of about 54%, 15%, and 6.1% of total global production; they are followed
by Turkey, India, and Iran which together produce nearly 10% of global production
(USDA, 2018 and 2019).

Despite low production in the 2018 production year due to severe weather, Chinese
production is forecast to rebound to 41 million tons in 2019 (USDA, 2018 and 2019).
European Union (EU) production is expected to drop by more than 20% to 11.5 million
tons, the second time in 3 years, as member countries, in particular Poland, experienced
severe weather conditions, with a combination of drought, heat, frost, and hail (USDA,
2019). United States (US) production is forecast to increase by 300,000 tons to 4.8
million as Washington state production improved due to favourable weather conditions
(USDA, 2019). For comparison, New Zealand’s total production is forecast at 598,000
tons in 2019, ranking 16" in total world production (Lee-Jones, 2019; USDA, 2018 and
2019).

The increase in New Zealand output is from trees coming into production from
expanded planting area (Lee-Jones, 2019; Pollard, 2018). In addition, planting area in

New Zealand is projected to continue increasing by reinvesting in existing orchards,
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replacing older varieties, and more importantly planting higher-density orchards, which
has boosted yields from an average 60 metric tonnes per ha from larger woody trees to
80-100 metric tonnes per ha from smaller and more densely planted trees — making New
Zealand the country with the highest yield per ha in the world (Lee-Jones, 2019; USDA,
2018 & 2019).

Table 2.1. World apple production, 2014-2019 (1,000 Metric Tons) ranked
based on 2019

Rank  Country 2014 2015 2016 2017 2018 2019
1 China 37,350 38,900 40,393 41,390 33,000 41,000
2 EU 13,636 12,453 12,723 10,005 15,030 11,477
3 USA 5,112 4,546 5,010 5,085 4,486 4,665
4 Turkey 2,289 2,740 2,900 2,750 3,000 3,000
5 India 2,498 2,520 2,258 1,920 2,371 2,370
6 Iran 2,500 2,470 2,097 2,097 2,097 2,097
7 Russia 1,409 1,311 1,509 1,360 1,611 1,714
8 Brazil 1,265 1,049 1,301 1,301 1,301 1,301
9 Chile 1,210 1,335 1,310 1,330 1,230 1,144

10 Ukraine 1,180 1,099 1,076 1,076 1,076 1,076

Total 74,520 74,638 76,432 74,205 70,964 75,722

Source: United States Department of Agriculture (December 2019)
2.1.2. Domestic consumption
As shown in Table 2.2 in terms of domestic consumption of fresh apples, the largest
apple producers worldwide are also among the main consumers. In 2019, the countries
with the highest consumption are China, EU, Turkey, the US, India, Russia, and Iran.
New Zealand is ranked 38" with domestic consumption of 73,150 metric tons.

Table 2.2. World fresh apple domestic consumption, 2014-2019
(1,000 Metric Tons) ranked based on 2019

Rank Country 2014 2015 2016 2017 2018 2019
1 China 33,470 33,826 34,682 35371 29,775 38,050

2 EU 7,781 7,544 7,750 6,544 8,197 7,401
3 Turkey 2,064 2,532 2,576 2,452 2,614 2,631
4 USA 2,714 2,553 2,817 2,672 2,518 2,589
5 India 2,681 2,311 2,230 1,919 2,330 2,365

6 Russia 1,803 1,646 1,583 1,807 1,863 1,884
7 Iran 2,358 2,036 1,864 1,372 1,814 1,814
Total 66,080 66,689 67,825 64,580 65,682 66,907

Source: United States Department of Agriculture (December 2019)

2.1.3. Trade — Imports

In terms of fresh apple imports (Table 2.3), Russia remains the largest fresh apple
importer, although greater quantities and improved quality of domestic supplies are
expected to ease demand for imports, with imports declining by 80,000 tons to 710,000
in 2019. China is expected to have increased import demand for higher quality apples to
a record 100,000 tons due to the low quality of domestic apples (USDA, 2019). Imports



into the EU are expected to remain unchanged at 500,000 tons despite lower production
as greater supplies of domestic output are diverted to fresh consumption and a smaller
share of domestic output goes towards processing. Similarly, US imports are projected
to remain unchanged at 145,000 tons, offsetting lower shipments from Chile by higher
shipments from New Zealand (USDA, 2019). New Zealand imports a negligible
quantity of apples, 150 metric tons, down 9% from 2017, and it is unlikely to increase
given a higher domestic output forecast for 2019 (USDA, 2019).

Table 2.3. World fresh apple imports, 2014-2019 (1,000 Metric Tons)
ranked based on forecasted 2019

Rank  Country 2014 2015 2016 2017 2018 2019
1 Russia 820 746 657 859 789 710
2 EU 400 451 425 531 493 500
3 Iraq 122 297 241 307 319 330
4 Mexico 314 218 267 287 247 280
5 India 204 202 370 249 277 250
6 Bangladesh 151 203 245 245 188 240
7 Belarus 724 657 544 224 219 220
8 Canada 217 230 221 222 203 220
9 Egypt 201 268 145 72 271 215

10 Vietnam 116 141 150 160 158 190
Total 6,135 6,474 6253 6,061 5,764 5,969

Source: United States Department of Agriculture (December 2019)

2.1.4. Trade — Exports

The global apple market is mainly considered as two divided markets. They are the
Southern and Northern Hemispheres. In general, the suppliers of these two separate
hemisphere markets do not directly compete with each other, due to different peak times
of supply. New Zealand directly competes with Chile and South Africa as they are the
major Southern Hemisphere apple exporters with the same peak supply periods (Scales,
2014).

Exports (Table 2.4) follows a similar path as production; China, the EU followed by the
United States were the largest apple exporters. China’s higher supplies are expected to
boost exports to over one million tons in 2019. Given reduced production in the EU in
2018, exports are forecast down 200,000 tons to 975,000 in 2019, the second lowest
level since 2007 (USDA, 2019). US exports are projected to rise over 100,000 tons to
860,000 as a result of higher supply and the removal of Mexico’s 20% retaliatory tariff
imposed in May 2019 (USDA, 2019). New Zealand is the sixth largest exporter, with
390,000 tons of exports in 2018; exports are projected to increase by 15,000 tons to
405,000 due to higher supply, with more shipments going to Asian markets (USDA,
2019).



According to Scales (2014), in recent years, there has been a global shift in exporting
apples toward markets that are nearby geographically. In the past, Western Europe and
North America markets were the main export markets for New Zealand and South
Africa. However, now New Zealand has more dependence on geographically closer
destinations such as the Asian and Middle Eastern markets, while South Africa has been
increasing its dependence on exporting to other African markets and Chile to other
South American markets. Moreover, traditional apple markets have had a steady or
declining apple consumption, whereas in many Asian markets fresh apple consumption
has increased due to rapid increase in per capita income (Scales, 2014).

Table 2.4. World apple exports, 2014-2019 (1,000 Metric Tons)
ranked based on forecasted 2019

Rank  Country 2014 2015 2016 2017 2018 2019
1 China 748 1,151 1,381 1,282 818 1,050
2 EU 1,792 1,590 1,487 761 1,176 975
3 USA 1,037 778 868 1,007 742 860
4 Chile 628 765 716 779 705 660
5 South Africa 466 511 553 449 480 570
6 New Zealand 329 347 345 369 390 405
7 Iran 142 435 233 725 283 283
8 Turkey 128 109 215 189 277 260
9 Moldova 135 171 168 269 297 230
10 Serbia 153 233 239 156 184 175

Total 6,532 6,672 6,679 6,481 5921 5,969

Source: United States Department of Agriculture (December 2019)

2.2. The New Zealand apple industry

Apple production plays a key role in the growth of the New Zealand horticulture
industry. As the largest horticulture industry after Kiwifruit in New Zealand, the apple
industry returned export revenue of nearly $900 million in 2020 and is forecast to reach
a billion dollars in 2022 and $2 billion in 2030 (Bedford, 2020; Jones, 2020; MPI, 2019
& 2020; Pollard, 2018).

2.2.1. Industry overview

Apples have been grown in New Zealand since 1814. Since then, the industry has
undergone challenging phases. New Zealand exported the first shipments of apples to
the UK in the 1890s and to the US in 1956. In the 1960s, New Zealand became the
world leader in production per hectare after adoption of the central leader shape, M106
rootstock, and higher tree densities from 275 to 670 trees per hectare (Pollard, 2018). In
the 1990s, New Zealand developed the Pacific series (Pacific Beauty, Pacific Rose, and

Pacific Queen) and Jazz apple varieties. In 1948, the New Zealand Apple and Pear
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Marketing Board (NZAPIMB) was established with the aim to bring stability in local
prices and to the export market. However, the NZAPIMB was terminated in 1993,

which led to opening up the domestic market to competition (Pollard, 2018).

The introduction in 1999 of the Pipfruit Industry Restructuring Act led to the
corporatisation of NZAPIMB into ENZA Limited and separation of the regulatory and
marketing bodies of the industry (Coriolis, 2006; NZAPI, 2019; Pollard, 2018). In 2001,
the deregulation of Pipfruit industry resulted in drastic changes to the industry, which
removed the single desk marketing monopoly of ENZA and resulted in an increase in
the number of exporters from 1 in 1995 to 85 in 2018, and a reduction in number of
growers from 1,600 in 1995 to 257 in 2018 (Table 2.5) (Coriolis, 2006; NZAPI, 2019;
Pollard, 2018). In 2005, a Crown Research Institute, HortResearch New Zealand (now
the New Zealand Institute for Plant and Food Research) established PREVAR, a joint
venture between Pipfruit New Zealand (now New Zealand Apples & Pears (NZAPI)),
Apple and Pear Australia Limited (APAL), and the Institute for Crop and Food
Research, to commercialize new apple and pear varieties (Coriolis, 2006; NZAPI, 2019;
Pollard, 2018; Plant and Food, n.d.).

Table 2.5. Changes in New Zealand apple industry structure
(1995, 2001, 2018)

1995 2001 2018
Number of growers 1,600 1,200 257
Number of exporters 1 80 85
Land in production (ha) 16,000 14,000 10,250
Total production volume (tonnes) 520,000 473,000 577,000

Sources: Freshfacts, 2018; HortNZ, 2020; Lee-Jones, 2019; Pipfruit NZ, 2017; Pollard, 2018;
USDA, 2019; NZAPI, 2019.

2.2.2. Production and export

As shown in Table 2.5 over the past decades, land in apple production has decreased
from 16,000 ha in 1995 to the current 10,250 ha in 2018 due to decreasing numbers of
growers and moving toward high-density plantation and implementing new tree training
systems. High-density plantation has allowed apple orchardists to plant more trees per
hectare and resulting in more efficient use of land and producing more fruit per hectare,
while new training systems have led to better light interception for trees and labour
efficiency (Hughes, 2018a; Pipfruit NZ, 2017; Pollard, 2018; NZAPI, 2018). Itis
forecast that land in production would increase to 15,000 ha by 2030 (Bedford, 2020;
NZAPI, 2019). While apples are grown commercially in most regions in the North and
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South Islands of New Zealand, historically production has mainly been centred in the
Nelson (South Island) and Hawke’s Bay (North Island) regions (Pollard, 2018).

In 2019, of the total production of 576,850 tonnes of apples (Lee-Jones, 2019; USDA,
2019), Hawke’s Bay accounted for approximately 62%, Nelson 25%, central Otago 4%,
and the remaining 9% in Gisborne, Waikato, Wairarapa, and South Canterbury — Figure
2.1 (Pollard, 2018; NZAPI, 2018). Since 2014, there are over 400 ha of unregistered
planted areas of 4%, which are not producing fruit for export presently and targeted for
local market (NZAPI, 2018; Pollard, 2018). In terms of export volume to different
countries, in 2017, about 65% of total New Zealand annual production is exported to
over 80 countries worldwide. About 12% of total production is for fresh domestic
consumption, the remaining 23% is used for processing into juice and other apple by-
products.
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Figure 2.1. New Zealand apple production regions (2018)
Source: NZAPI (2018)

As shown in Figure 2.2, destination markets for export apples have gradually changed
during the last decades, a shift from Western to Eastern markets. In 2005, Asian
countries imported around 13% of New Zealand’s apples and this has significantly
increased to about 41% of New Zealand apple production in 2016, followed by Europe
with 23%, North America with 16%, and, UK & Ireland with 14%. Asia and the Middle
East together accounted for about 47% of New Zealand’s exported apples in 2016. This
shift means that the potential demand for fresh and quality apples is from countries with

large and growing populations and economies that have been going through a shift from
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low income to middle income populations (Mannering, 2015; Pipfruit NZ, 2017,
Pollard, 2018).
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Figure 2.2. New Zealand apple export markets (percentage by continents, 2010-
2018). source: NZAPI (2018).

In terms of export value (Figure 2.3), the New Zealand apple industry doubled its
exported value from $360 million in 2012 to over $700 million in 2016 and has further
increased by over 13% to nearly $800 million in 2018 (MPI, Dec 2019). More than 70%
of the increase was derived from exported value, due to an increase in average export
prices to Asian markets, in particular China which experienced poor production due to
unfavourable climate conditions (Pipfruit NZ, 2017; NZAPI, 2018; Pollard, 2018; MPI,
Dec 2019). It is forecast that export value will reach $2 billion per annum by 2030,
driven by the increasing area in production and export values (Bedford, 2020; NZAPI,
2019).
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Figure 2.3. New Zealand apple production, fresh domestic consumption,
processing, and exports (value & volume), 2008-2018. Source: FAOSTAT
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Furthermore, New Zealand has been able to achieve a high yield per hectare in
particular for its premium varieties such as Jazz and Envy. As shown in Table 2.6, New
Zealand’s yield per hectare production surpassed all other countries in 2018; with
production of 58.59 tonnes/ha while the global average was 16.62 tonnes/ha. In
addition, New Zealand orchards have an average tree density of 1,120 trees/ha, lower
than the global average of 1,347 trees/ha while achieving higher yield per ha. This
further shows the position of the New Zealand apple industry as one of the most
productive producers in the world (Pipfruit NZ, 2017; Pollard, 2018).

Table 2.6. Average apple yields for selected countries 2014-2018 (t/ha)

Rank Country 2014 2015 2016 2017 2018
1 New Zealand 55.79 56.98 57.19 57.90 58.59
2 Chile 51.24 52.44 5352 5441 55.30
3 Belgium 49.43 4564 4046 1542  50.46
4 ltaly 49.81 49.83 5129 3952 48.34
5  Netherlands 49.58 4873 47.64 3599 4493
7 South Africa 41.30 4201 4236 4299 4363
8  The United States 45.88 38.33 4319 4349 4352
9 Germany 39.09 3417 36.34 19.39 38.88
10  France 40.59 4370  40.07 37.16 37.80

Source: FAOSTAT (Note: Yields are calculated based on the average yield across all areas and varieties).

2.2.3. Development of exclusive varieties

Significant changes have occurred over the past decade with respect to the varietal
composition of the apples grown in New Zealand. Orchard areas have expanded with a
shift towards higher quality and higher-yield apple varieties mainly because of the
strong growth in export markets (Bedford, 2020). The primary focus of the New
Zealand apple industry has moved from a commodity producer to a high value producer
by introducing and trademarking new premium apple varieties, which has enabled New
Zealand to attract high prices and interest in overseas markets while maintaining a
higher yield per hectare (Pipfruit NZ, 2017; Pollard, 2018). Size, colour, taste, and
texture, as well as sustainable production and consumer demand for safe fresh produce
are among some of the priorities for breeding new varieties (Hoang, 2018, Pollard,
2018).

The creation and commercialisation of new apple varieties has been attained through the
strategic partnerships between the apple industry and key research and development
players such as PREVAR joint, HortResearch, and ENZA (Coriolis, 2006) For example,

new variety from the Scifresh cultivar, sold under the trademark Jazz was selected from
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a cross between Royal Gala and Braeburn and released by HortResearch apple breeding
programme in 1985, commercially launched in 2004, and distributed globally by the
exporter ENZA and regional partners (Volz et al., 2004; Brown and Maloney, 2009).
Jazz is well demanded by overseas consumers with a high price and characterised by
excellent features such as firm texture with great eating quality, and a distinctive and
attractive appearance with good adaptation to a range of climates in New Zealand,
Washington (USA), and France (Volz et al., 2004). Similarly, Scilate apple variety sold
under the trademark Envy is a cross between Royal Gala and Braeburn and was
developed by HortResearch New Zealand in 2008 (Brown and Maloney, 2009). Envy is
characterised by sweet taste, intense flavour, crispness, and large size. Distribution of
Envy is managed by ENZA and regional partners, and grown under license in New
Zealand, Australia, Washington State (U.S.) and Chile (Charles, 2014), and is predicted
to become a billion-dollar brand by 2025 derived from its high demand and price in
overseas markets (T&G, 2020). The long leading-in time to develop and launch new
varieties shows the long-term planning of these breeding programmes to target the

appeal of new/future customers.

Figure 2.4 presents the list of the apple varieties grown in New Zealand according to
their share of national planted area in 2018. Envy and Jazz are among premium varieties
and are in demand globally such as in the UK (Jazzapple, 2017) and the US (usapple,
2018) markets. As the largest planted variety by area, Royal Gala accounts for 26% of
planted area nationally and is ranked as the top variety in export production nationally
(NZAPI, 2018). The highest exported volume of apple varieties from New Zealand
include Royal Gala, Braeburn, Jazz, Fuji, Envy, and Pink Lady, which made up about
80% of New Zealand apple production in 2016 (Aitken & Hewett, 2017; Pipfruit NZ,
2017).

In 2006, the national planted area of New Zealand’s leading variety, Braecburn, was
2,464 ha, this area fell to 1,199 ha in 2018, over 50% reduction in planting. Similarly,
exports of Braeburn have dropped from 66% of total crop exports in 2008 to 12% in
2018 (Pipfruit NZ, 2017; NZAPI, 2018), this is mainly due to poor export prices in
2018. As a result, New Zealand apple growers have started to reduce their dependency
on old varieties like Braeburn and replace them with newer varieties including Envy and
Jazz, which can place New Zealand in a more competitive position in the global market
(Mannering, 2015; Pipfruit NZ, 2017; NZAPI, 2018). In addition, growing more diverse
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apple varieties helps to extend the harvest periods and attract and retain workers longer
(Pollard, 2018), given the production and harvest periods vary across varieties.
Therefore, a more diverse variety of apples means the harvest season in New Zealand
lasts from February (Royal Gala, Early Queen, or Smitten) through to late April and
into May (Envy, Fuji, New Zealand Rose, or Pink Lady) (Pollard, 2018).

Other Apples
Royal Gala
Pacific Rose

Pacific Queen

Pacific Beauty

Jazz

Granny Smith

Fuji

Envy
Cripps Pink
Cox

Braeburn

0% 5% 10% 15% 20% 25% 30%

Figure 2.4. Planted area by apple variety grown in New Zealand (%, 2018)
Source: New Zealand Apples and Pears Inc. (2018).

2.2.4. New Zealand trade competitiveness

New Zealand apple growers have faced increasing local and global competition since
the deregulation of the New Zealand apple sector in 2001 and global integration of the
export fresh market fruit. (Coriolis, 2006; Pollard, 2018). This change in the industry
has given export markets the opportunity to set high environmental, technical, and
employment requirements for New Zealand growers to meet. Therefore, in order to
remain competitive in export markets, New Zealand apple producers need to consider
not only economic factors but also environmental and biological factors such as site
selection and orchard design, apple variety, rootstock, tree density, tree quality, canopy,
and tree size in their initial design in different periods when they make decisions about
managing their orchards (Aitken et al., 2004; Busdieker-Jesse et al., 2016; van der
Merwe, 2015; Coriolis, 2006; Pollard, 2018).

The New Zealand apple industry has performed strongly in the global market after
facing some difficulties in the initial phase of the deregulations (Gray, 2016; Pollard,
2018). This is partly related to meeting the high standards of overseas markets, which
has enabled the industry to pass through various quarantine and compliance
requirements, and export apples into the most difficult countries and supermarkets. This

has turned the New Zealand apple industry into one of the most competitive globally

16



based on factors such as infrastructure and production efficiency (Gray, 2016; Pollard,
2018).

The New Zealand apple industry has continuously sought for innovative solutions to
improve productivity and quality of apple production (Aitken et al., 2004; Busdieker-
Jesse et al., 2016). For example, the adoption of the Integrated Fruit Production (IFP)
framework in 2008, as a holistic system approach for pest management (Damos et al,
2015) enabled New Zealand to market its apples with low chemical residues thus
providing access into high standard export markets such as the EU that generated higher
orchard returns (Pipfruit NZ, 2017; Pollard, 2018). The IFP framework provides an
economic and fruit quality production framework, putting more emphasis on reducing
adverse impacts and use of agrochemicals, and improving protection of the environment
and human health (Damos et al., 2015). Today, over 90% of New Zealand apples are
produced utilising the IFP system (Pipfruit NZ, 2017).

Moreover, New Zealand Pipfruit initiated the Apple Futures program (AFP) in
2007/2008 in response to the changing regulatory requirements imposed by the EU
supermarket chains on further reductions in chemical residues for fresh products
(Pollard, 2018; Pipfruit NZ, 2017). The program has successfully abolished the use of
pesticide chemicals considered as highly dangerous to human health. As a result, the
AFP has turned into the marketing slogan of New Zealand apples, “100% Pure Apples
from New Zealand” (Plant and Food, 2012). In addition, the industry has introduced a
follow up programme — Apple Future 11, with an aim to develop new tools and systems
to control diseases and pests in apple and pear orchards, and remove insects during
postharvest (Jones, 2014). This could provide an easier access to new developing
markets across Asia with a growing desire by consumers for reduced pesticide use and

increasingly stringent phytosanitary requirements (Jones, 2014; Walker, 2014).

In terms of sustainable and safe production, most New Zealand’s apple and pear
growers are certified by the Global Good Agricultural Practices (Global GAP) body.
Global GAP is the world’s leading farm quality assurance programme to assure safe
agricultural production. Growers are independently assessed on their compliance with
GlobalGAP best practice, including GRASP (Global GAP Risk Assessment on Social
Practice), which assesses social practices on the orchard such as specific aspects of
worker health, safety, and welfare (NZAPI, 2019; Pollard, 2018). Growers need to pass
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the independent GlobalGAP audit in order to be able to export their products to a

specific number of markets (Pollard, 2018).

2.2.5. Industry challenges

There are a number of challenges that threaten the sustainable growth of the New
Zealand apple industry among which labour shortage and climate change are the most
prominent ones that have attracted the attention of the industry participants (ASA, 2019;
Pollard, 2018; NZHerald, 2020a). It should be noted that these challenges are not only
specific to the apple industry but across all horticulture industries.

Labour shortages

Labour-intensive industries in horticulture such as apples can create serious labour
market issues. This is because of the seasonality operations of these industries that can
challenge sourcing sufficient workforce when labour demands are high, given the
limited time to perform harvest or other tasks (NZAPI, 2019). For example, during the
apple harvesting season, fruit have to be harvested within a limited harvesting window,
otherwise any unharvested or late harvested fruit are considered waste and may not be
suitable for export market. As a result, this could jeopardise the profitability and
competitiveness of the industry (Pipfruit NZ, 2017; Pollard, 2018). In the New Zealand
apple industry, the shift towards more productive orchard systems and higher yielding
varieties (Bedford, 2020) could in turn create more jobs in the New Zealand apple
industry (HortNZ, 2020b). It is forecast that by 2030, there would be 2,349 more
permanent and 12,757 more seasonal jobs in the industry (HortNZ, 2020b). There will
be 891 permanent jobs in production, 1,080 in post-harvest, and 378 in corporate
services. Of the total increase in seasonal jobs, harvest will account for the highest
labour demands of 6,177, followed by thinning 2,910, packing 2,531, and pruning 1,139
jobs (HortNZ, 2020b). However, such increases in the number of jobs will require more
workers to fill these positions, consequently, drive increasing demand for labour in the
industry (Bedford, 2020; HortNZ, 2020b). Therefore, a sustainable supply of labour is

crucial in particular for apple harvesting.

The main sources of labour are local New Zealanders, workers mainly from the Pacific
working under the Recognised Seasonal Employer (RSE) scheme, and international
backpackers who come under working holiday visas (Bedford, 2020; Hill, 2020).The
RSE scheme allows the industry to perform all orchard tasks at the right time by

facilitating movement of labour across New Zealand, particularly at harvest when
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workers are required to use ladders and this can free up local labour to perform non-
harvest tasks such as supervisory, tractor, and packing roles (NZAPI, 2019). Itis
estimated that up to 80% of apples and pears are harvested by RSE workers and the
Scheme has been recognised as the world’s best practice migratory labour aiming to fill
in labour shortages in the horticulture and viticulture industries in New Zealand, while
ensuring that the migratory labour process is fair and orderly (NZAPI, 2019). However,
there is a cap or administrative limit on the number of RSE workers that can be taken up
each year. The cap was set at 5,000 when the scheme was established in 2007 and for
2020/2021 season, up to 14,000 workers were supposed to be allowed entering New
Zealand, and stay for a maximum of seven months (INZ, 2021; Friesen, 2018; DOL,
2010; Ramasamy et al., 2008; Bedford, 2020; NZAPI, 2019). Workers are required to
stay with their original RSE employers while in New Zealand, however, it is possible
for the original RSE employer to transfer workers to other accredited RSE employers
(DOL, 2010). Overseas visitors usually make up about 25% of the workforce in the
horticulture industry, which can work on orchards by gaining permits from the New
Zealand Immigration (MSD, 2019). However, labour shortages have remained one of

the challenges of the horticulture industry particularly during harvesting season.

At the time of writing, the Covid-19 pandemic has been causing significant uncertainty
and disruption around the availability of seasonal labour in New Zealand (NZ Wine and
MPI, 2020). This has put more pressure on an already unstable labour market in the
industry following the travel restrictions, which stopped overseas backpackers entering
New Zealand as part of a series of measures imposed by the government to fight Covid-
19 (Burry, 2020; Frykberg, 2020; Hill, 2020). As a result, the cap on the number of RSE
allowed into the country has reduced to 7,000 workers (Sharpe, 2021). It is safe to say
that post-Covid-19 New Zealand will be characterised by high unemployment but with
a large skills shortage (HortNZ, 2020). With Pacific seasonal workers and backpackers
down by 50,000 (Jones, 2020), the current labour pool may not satisfy the increasing

labour needs in the industry.

The harvest labour market must be considered in the context of the larger tree fruit
industry (Calvin and Martin, 2010). There are competing seasonal labour demands
across crops and regions in the horticulture industry, and RSE workers are considered as
only one element of the industry’s total seasonal labour demands. However, these

workers cannot stay in the country for long given their visa conditions allowing them to
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stay in the country for a specific period (Bedford, 2020). Employers can only hire these
workers for a certain amount of time to perform specific tasks and once they are
finished, they will return to their countries. Therefore, employers could lose
productivity because they have to hire another group of RSE workers and train them up,
costing them extra cost and time, which could have been spent towards other orchard
practices (Bedford, 2020). However, in spite of these factors, the RSE scheme benefits
both New Zealand and the Pacific communities (Hill, 2020).

To further deal with increasing labour needs following Covid-19 and lack of access to
RSE workers and foreign backpackers, the industry has considered creating full-time
year around jobs and employ New Zealanders who have lost their jobs due to the
pandemic to keep the labour around permanently rather than on a seasonal basis
(Taunton, 2021; Hill, 2020). However, there are constraints to employing locals from
urban areas in seasonal jobs including the nature of the work, the long hours, lack of
suitable accommaodation, and location in rural areas (Bedford, 2020; Hill, 2020). While,
students and unemployed living in rural areas may undertake seasonal jobs, it is
unlikely that New Zealanders located in urban areas would consider moving to these
areas (Bedford, 2020; Hill, 2020). In addition, while RSE workers enter the country
with a visa that ties them to their employer to take up a specific seasonal work, New
Zealanders have no such restrictions meaning they can leave the job at any time
(Bedford, 2020). Despite lack of interest from locals to work in orchards, the industry
has considered a number of strategies to encourage them into seasonal work such as
providing more flexible work hours, potentially offering higher rates of pay, and using
technology (e.g. automated picking platforms) to reduce the physical work requirements
(Bedford, 2020).

The New Zealand apple industry has been able to bounce back from the impact of
Covid-19, even though the pandemic happened during the production and peak harvest
season, which negatively affected sales, particularly in Asia, due to the changes in
customer purchasing patterns and logistics (Jones, 2020; O’Callaghan, 2020). This
resulted in a lower percentage of fruit sold compared to previous years with higher price
pressure particularly in Asian markets. However, this adverse impact was offset by
diversifying in geographical markets with a range of both traditional and premium apple
varieties (O’Callaghan, 2020). Export returns have reached $870 million, putting the
industry on track to teach its goals of $1 billion by 2022 and $2 billion by 2030 (Jones,
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2020). However, it is important that the New Zealand apple industry takes advantage of
the opportunities post-Covid 19 will bring by working collaboratively with government
and across the horticulture sector to identify opportunities domestically and overseas,
increasing sustainable job opportunities for New Zealanders, leading the growth and
innovation across horticulture, and implementing vaccinations for provinces at a time
when really needed (Jones, 2020).

Climate change

In 2018, New Zealand experienced the warmest year on record and it is expected that
the average temperature rises over time with diverse impacts on winter chilling,
flowering and bud burst, harvest date and yield, fruit quality, extreme high
temperatures, and frost and hail (Daly, 2019; Clothier et al., 2012). The average winter
temperature in Hawke’s Bay, as the largest apple growing region, is expected to rise
gradually in future (Fedaeff, 2017; MFE, 2020). Apples require a minimum number of
chilling hours during winter to break dormancy (Clothier et al., 2012). Insufficient
chilling hours could result in prolonged dormancy, thus not all buds will flower at the
same time, resulting in apples maturing up at different time on trees and harvest will not
happen simultaneously across an orchard, which could reduce fruit size, weight, yield,
and quality (Boudichevskaia et al., 2020; Kumar et al. 2016; Vedwan and Rhoades
2001; Clothier, 2018; Fang et al. 2016; Sharma et al. 2014; Sugiura et al. 2005; Rai et
al. 2015).

Elevated temperatures in orchards increases fruit growth, but it will also adversely
influence fruit quality such as through more sunburn on apples (Luedeling, 2012;
Clothier et al., 2012). In addition, rising temperature can increase the fruit maturity rate,
meaning that a lot of fruit maturing at the same time which are required to be

picked, otherwise late harvested or unharvested fruit will not suit the export market or
even have a reduced shelf life (Else and Atkinson 2010; Tobin, 2021), and in the spring
it could increase the invasion and reproduction of plant insect pests and diseases, e.g.
fruit flies, resulting in poor-quality apple crop and yield (Patterson et al. 1999; Gautam
et al. 2013; Jangra and Sharma 2013; Heyes, 2019; Kenny, 2001).

Impacts of changes in climate conditions can vary across regions, given each of the
major apple production regions has its own soil and climatic characteristics (Kenny,
2001). For instance, in New Zealand, low production has been observed in Nelson and

Hawke’s Bay regions with cold and/or wet conditions (Kenny, 2001). Central Otago has
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experienced smaller fruit size that could be due to the cooler spring temperatures in the
post-bloom period (Kenny, 2001). The summer climate in New Zealand is usually
suitable for fruit development, but it could be affected by hotter and drier conditions
(Kenny, 2001). Such climatic changes can threaten New Zealand’s ability to
successfully grow apples like Jazz and Envy with qualities such as crispness, colour,
and taste, which are the result of the country’s temperate climate — cold nights and
warm days (Clothier, 2018). Without such an ideal climate the fruit can suffer different
issues such as developing poor colour and soft texture and getting sunburnt as well as

not storing well, thus affecting its exportability (Clothier, 2018).

Uncertainty in agricultural water supply and demand as consequences of climate-related
variability and changes could also negatively affect agricultural production (Pathak et
al., 2018). It is expected that rainfall patterns will change across New Zealand (Clothier
et al., 2012). This may be more important for Nelson and Hawke’s Bay regions, where
climate-related variability could indirectly affect apple production and make climate
conditions drier and hotter in these regions (Kenny, 2001; Pathak et al., 2018). While
early-season rainfall (i.e. spring and early summer) can provide required water and drop
irrigation costs, rainfall later in the season can reduce fruit yield and quality in terms of
maturity attributes with fruit maturing earlier on trees (Mpelasoka et al., 2001; Miller et
al., 1998; Girona et al., 2006; Clothier et al., 2012).

There are adaptive measures that could help apple growers with changing climatic
conditions in their orchards. One solution to cope with prolonged dormancy due to less
chilling hours is the use of chemicals for dormancy release — bud-breaking agent, which
needs to be applied at an appropriate time to prevent damage to flower buds, however,
some European countries have banned use it (Melke, 2015; Close and Bound, 2017).
Another option could be to relocate orchards to regions with higher latitude, such as the
South Island or Southern part of the North Island. Although from a temperature
perspective, it may be logical but other factors such as growing environment, soil
characteristics, cultivar, post-harvest operations, transportation, and orchard facilities

constructions may hinder orchard relocation (Barden and Neilsen, 2003).

A more suitable option would be the development of climate-resilient apple cultivars
that require fewer chilling hours and cold weather to break dormancy as well as being
more resistant to diseases and pests (Boudichevskaia et al., 2020; Arya et al. 2014).

Scientists in Plant & Food Research in New Zealand have teamed up with Institute of
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Agri-food Research and Technology (IRTA) in Spain, to establish a Hot Climate
Programme for developing new apple varieties better adapted to hot climates with less
chilling hours. T&G Global is set to trial and commercialise these new varieties in New
Zealand and overseas (ASA, 2019). The company has already trialled one of these
varieties called 'HOT84AL' in Spain and is planning to trial it at Waimea Nursery in
Hawke’s Bay. The first commercial volumes of 'HOT84A1" will be planted in Spain in
February 2021 (NZHerald, 2020b). These varieties will be better adapted to the
changing climatic conditions in New Zealand and around the world by being more
tolerant to certain diseases and pests, use less water, and or do not require as much
winter chilling. In addition to ensuring New Zealand’s capability to grow apples in
future in regions like Hawke's Bay where warmer temperature are expected, some of
these new varieties have the potential to open up new apple growing regions, or to be
grown in more marginal regions like Central Otago, which will play an important role in
the sustainable growth of the industry (ASA, 2020; Clothier, 2018).

2.3. Conclusion

This chapter provided an overview of the apple industry in the global and New Zealand
contexts with specific focus on production, domestic consumption, and trades.
Furthermore, significant events and development of the New Zealand apple industry
were elaborated. In addition, key components behind the industry’s growth and its
global competitiveness were identified. These components include production and
export of the industry, the development of exclusive varieties, and the standardisation of
apple production. Lastly, main challenges of the industry in recent years including

labour shortages and climate change were explained.
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Chapter 3. Literature review

This chapter discusses the uncertainty in labour management in tree fruit harvesting in
order to provide a broader perspective on issues around labour including shortages,
costs, and health and safety. Next, the chapter reviews the literature on the robotic
systems in the agriculture field and it includes three parts. In the first part, the chapter
provides cases of the application of robotic harvesting systems in horticulture and
animal agriculture in order to provide a broader perspective on the applications of the
robotic systems. In the second part, the chapter elaborates on the application of robotic
systems in tree fruit harvesting to identify key developments and limitations of the
technology. In the third part, the horticultural aspects of tree fruit production are
discussed to identify a set of factors that could impact on the adoption of robotic
harvesting technology in apple orchards. Finally, existing economic studies in tree fruit
are discussed, keeping in view the gaps in the literature that are apparent, which has
helped to identify the appropriate analytical method for the current research.

3.1. Uncertainty in labour management

Labour is an essential input in the production of horticultural crops (Cassey et al.,
2016), particularly for deciduous fruit. The seasonal nature of deciduous fruit
production operations such as harvesting, training, pruning, and thinning has created
seasonal labour demand with harvesting being the most labour-demanding and time-
sensitive orchard operations (van der Merwe, 2015; Karkee et al., 2018). A delayed
harvesting caused by labour issues such as a labour shortage means growers could make
less profit because even a short harvest delay can reduce quality and therefore price.
Whereas a longer delay could mean all crop could be lost if quality is reduced to the
point that fruit is not marketable (Calvin and Martin, 2010).

It has been predicted that shortages of labour together with high costs of production and
increasing competitiveness in the global produce market would be the biggest challenge
facing farm businesses in future (Schupp et al, 2011; Valle et al., 2017). For instance, it
has been reported that the availability and cost of labour for harvesting are the two most
important challenges across all scale of operations and production regions in the US
(Grant et al., 2018). Notwithstanding, the issues around labour have mostly been related
to pre-harvest and harvest activities in-field or on-orchard than post-harvest operations.
For example, for apples as a storable commaodity, jobs in warehouse or packing house
operations are year-around for large operators. Therefore, compared to pre-harvest or
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harvest, it is less difficult hiring workers for packing house or warehouse jobs, which

are year-around, largely mechanised, and indoor (Calvin and Martin, 2010).

3.1.1. Labour shortage

Generally, a labour shortage is defined as “the difference between the number of
workers willing, able, and available to work and the number of workers desired by
producers given the going market wage” (Cassey et al., 2016, p.1). Many factors
influence the supply and demand of labour such as the minimum wage rate, health and
safety issues, and immigration policy (Schmitz and Moss, 2015). The main challenge
for the horticultural industry is to ensure there is sufficient labour when needed (Sinnett
et al., 2018). A shortage mainly stems from the labour force not interested in
undertaking the hard-physical labour required on-farms or in-orchards when higher
wages can be earned in other jobs (Sarig, 2005). As a result, labour demanding farms
must compete with higher paid urban sector wages to source their labour (Bedford,
2020; Sarig, 2005).

The New Zealand apple industry has been willing to employ locals and train them to
become ready and skilled for work and providing them with an opportunity to switch
from seasonal to permanent jobs, however, potential workers are still not interested
(Bedford, 2020; Pollard, 2018) for various reasons such as the long hours and nature of
the work (i.e. physical stress), and locations in rural areas that may not be appealing for
locals in urban areas consider relocating to undertake orchard roles (Bedford, 2020;
Hill, 2020). As a result, growers mainly relied on backpackers and short term
immigration labour programs, e.g. RSE scheme have to cope with increasing labour
demands (Bedford, 2020; Mannering, 2015). Similar to New Zealand, the USA uses a
similar labour scheme granting a H2-A visa, which allows foreign national workers
such as Hispanic workers from Mexico into the country for temporary agricultural
work. However, strict immigration policies regarding the employment of immigrants
permits only a limited number of labour migrants. Australia is using the Seasonal
Worker Programme (SWP) to employ Pacific workers for seasonal work (Bedford,
2020; Calvin and Martin, 2010; Pollard, 2018; McFerson, 2011; van der Merwe, 2015).

Despite employing immigrant workers, labour shortages still remain a challenge for the
horticultural industry. This is partly related to the lack of interest from locals to work in
orchards as is the case in New Zealand, and partly related to the unpredictable early

maturity of various apple crops, which can lead to an urgent demand for harvesting
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labour (Ashton, 2018; Bartlett, 2018; Pollard, 2018). This can disrupt the supply and
demand of the horticulture labour market, i.e. the supply of labour does not match
industry demand (Ashton, 2018; Bartlett, 2018; Pollard, 2018). In the 2019 apple
picking season, the New Zealand government announced a seasonal labour shortage
across regions with labour shortages to raise the awareness about the importance of the
issue informing New Zealanders that may be willing and able to work to apply for the
opportunities available to them (MSD, 2019). Moreover, the announcement can urge
players in the industry such as apple producers to seek alternative solutions and develop
more effective and efficient production strategies such as high-density trees planting
(Cassey et al., 2016). However, some growers believe that operating modern farming
practices such as higher density tree planting with higher yields if performed in the
conventional way e.g. using ladders, requires more pickers per hectare, which can
exacerbate the shortage of labour (van der Merwe, 2015; Sazo et al., 2010). On the other
hand, orchards designed with higher tree densities with short trees that are trellised for
more homogeneous trees, reduce the amount of field work performed from ladders,
making it easier for pickers to find apples. This can increase the efficiency, productivity,
and safety of manual harvesting labour, and more importantly paving the way for
mechanical harvesting (Calvin and Martin, 2010).

The labour shortages issue has worsened in the world including in New Zealand,
Australia, and the US, following the Covid-19 pandemic due to travel restrictions,
which has stopped foreign national workers and overseas backpackers into the country.
This has made it more difficult for the horticulture industry to source the workforce they
require (Burry, 2020; Frykberg, 2020; Hill, 2020).

3.1.2. Labour costs

Farming production costs are one of the key factors in competitiveness of farmers (van
der Merwe, 2015). Labour costs especially harvesting labour accounts for a great
portion of total production costs (Karkee et al., 2018). For example, in the USA, labour
costs account for half the variable costs of fruit production (van der Merwe, 2015). For
a typical apple orchard in USA, labour accounts for 58% of total production costs with
thinning, training, and pruning accounting for 46% of variable labour costs, and
harvesting 44%, making it the most expensive orchard operation (Calvin and Martin,
2010; Karkee et al., 2018; West et al., 2012). In New Zealand, of the total cost to

produce apples in 2018, 52% was accounted for orchard costs and 48% for post-harvest.
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For orchard costs, 70% was for labour expenses, and harvest accounted for 24% of
labour costs (MPI, 2018). This indicates the importance of labour availability in fruit
production. Any disruption in supplying sufficient labour can impact the whole value
chain of industry (Cassey et al., 2016). For example, labour shortages for pre-harvest
and harvest operations can impact post-harvest operations such as disruptions in timely

transportation and delivery of harvested fruit to market (Cassey et al., 2016).

Experienced labour is highly demanded during harvest time (Schupp et al., 2011) to
minimise the damage to the fruit and maintain the quality of the fruit for the fresh
market (Sinnett et al., 2018). In addition, in the case of a labour shortage, growers can
become more vulnerable to unfavourable weather conditions during harvest (McFerson,
2011). This may become more problematic for fresh market fruit especially apples as a
labour-intensive perennial crop, which requires fruit to be picked in a relatively short
picking window due to the susceptibility of the fruit to bruising or over-ripening
(Sinnett et al., 2018). Any unharvested fruit due to labour shortages is considered
wasted and unsuitable for fresh market. This may cause significant losses to producers
and reduce the overall profitability of the orchard industry, thus leading growers to
leave the industry (Cassey et al., 2016; McFerson, 2011).

3.1.3. Health and safety

Growers believe that creating a productive and efficient working environment with
good team relations and attractive labour remuneration can attract an efficient and
productive workforce (Warner, 2008). It has been recognised that agricultural
production is among the most dangerous jobs and associated with significant risk to
health and safety (Otero and Preibisch, 2010). Meeting the health and safety
requirements of farmworkers can create a more productive, safer, and attractive working

environment for them (Fragar and Franklin, 2000; Otero and Preibisch, 2010).

Occupational health and safety problems in agriculture can stem from various factors.
Some of the most commonly reported hazards include technology used to increase
agricultural production (e.g. exposure to chemicals from applied pesticides, and injuries
or diseases due to noise or vibrations from mechanisation); farm or work-related injury
or disability (e.g. stress or fatigue due to repetitive and intense long physical farm
work); exposure to ambient environment (e.g. diseases from sun, heat, cold, rain, and
dust); work and life close to animals (e.g. bacteria, fungi, parasites, or respiratory

diseases from diseased animals); and health status and risks of local and immigrant
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seasonal workers, and potential risk of infectious diseases and poor hygiene and
unsuitable facilities at farming workplaces and in housing places (Fragar and Franklin,
2000; Otero and Preibisch, 2010).

Regular labour inspections are a routine in developed countries to ensure the health and
safety of labourers; inspecting how physically demanding and hazardous the work is
and whether it imposes pressures on body postures (van der Merwe, 2015). In the
agricultural sector in New Zealand, WorkSafe New Zealand has created extensive
guidance to developing safety management systems based on the Health and Safety at
Work Act 2015 (HSWA), which contains relevant information and practices to meet the
health and safety of workers (WorkSafe New Zealand, n.d.). The HSWA guideline
identifies key components of a health and safety management system that are deemed
important in New Zealand agriculture, and farmers need to follow those that are
appropriate for themselves, their workers, and visitors to their farms (WorkSafe New
Zealand, n.d.).

In the horticulture industry, health and safety in orchards has become an important
topic. Normally, harvesting tree fruit manually requires use of ladders to reach fruit on
the top part of the tree canopy, which demands repetitive movements with heavy loads
of fruit up and down ladders and to and from the collection bin, which can expose fruit
pickers to ergonomic injuries such as the risk of falling from the ladder (Karkee et al.,
2018). Therefore, considering such working styles and environment, orchard workers
can suffer from different types of injuries. Back and shoulder injuries can happen due to
carrying heavy bags or gear up and down the ladders, bending and lifting, and the
pressure on harvesting fruit as quickly as possible, particularly for workers paid piece
rate (Carrabba, n.d., 2005, 2008; Brower and Scofield, 2008; Fiske, 2010; Meyerhoff,
n.d., 2009, 2010; Scott, n.d.), because they can earn more money if they can pick more
volume of fruit (i.e. bins), thus requiring to work more hours usually 60 hours per week,
but this makes them more vulnerable to sickness and physical stress, whereas in hourly
rate payment they are not required to work as much hours per week regardless of how
much they pick. However, pickers prefer the piece-rate payment over hourly rate
because they can earn more money by picking more volume of fruit (Flaws, 2020;
O'Sullivan, 2020). Other commonly reported hazards include skin injuries or irritation
caused by exposure to pollen and dust, insects, sun, or chemicals used in orchards.

Moreover, orchard workers involved in harvesting, pruning, thinning, or tree training
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tasks are not legally required to wear protective equipment such as gloves and hats to
protect themselves from injuries or reduce the indirect exposure to hazardous materials
(Carrabba, n.d., 2005, 2008; Brower and Scofield, 2008; Fiske, 2010; Meyerhoff, n.d.,
2009, 2010; Scott, n.d.).

In regard to using orchard aid tools such as ladders, according to the Washington State
Department of Labour and Industries, there are over 500 workers reported each year
falling off ladders in orchards while harvesting fruit, 200 of which are left with serious
injuries to the extent of not being able to return to harvesting (Carrabba, n.d., 2005,
2008; Brower and Scofield, 2008; Fiske, 2010; Meyerhoff, n.d., 2009, 2010; Scott,
n.d.). Considering that ladders are still widely used in harvesting tree fruit, most of the
current safety regulations in orchard are focused on their proper use to avoid injuries.
For example, in the USA the current regulations require that safety of ladders is
inspected prior to using, while making sure to properly set them up before climbing
especially in orchards planted on slopes. For example, workers are required to set up
ladders away from power lines and not allowed to use them in windy conditions, and
ladders must be sized appropriately according to workers and for the trees (Carrabba,
n.d., 2005, 2008; Brower and Scofield, 2008; Fiske, 2010; Meyerhoff, n.d., 2009, 2010;
Scott, n.d).

3.2. Alternative solutions for labour efficiency

When labour is relatively scarce and wages rise, producers seek alternatives in dealing
with labour issues (Calvin and Martin, 2010). For example, growers may use less labour
by harvesting less orchard area, thus reducing labour costs by accepting lower yields
(Calvin and Martin, 2010). While the current research is mainly focused on mechanical
harvesters, the mechanisation of any task requiring manual labour such as spraying,
insect or disease scouting, pruning, thinning, weeding, and cultivating can reduce labour
requirement and costs, and allow labour to be allocated for other tasks that are not yet
mechanised (Calvin and Martin, 2010). Therefore, growers may consider using labour
assist tools to use labour more efficiently and safely by making work physically less
demanding (Sinnett et al., 2018). As a result, this could increase the size of the
workforce that can comply with work standards (Calvin and Martin, 2010; Schmitz and
Moss, 2015; Sinnett et al., 2018). Currently, apple growers rely on available labour aids
such as ladders (Figure 3.1A), power ladders (Figure 3.1B), or platforms (Figure 3.1C),
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or a combination, to make labour more efficient in undertaking orchard tasks such as

harvesting, pruning, thinning, and tree training (Sinnett et al., 2018).

Another alternative is the use of robotic harvest technology (Figure 3.2). Robotic
harvesters use precision technologies such as sensors, machine vision, and Global
Positioning System (GPS) to maximise productivity through better management of
inputs (e.g. labour), minimising waste, and improving the quality of harvested products
for fresh market fruit (Noguchi et al, 1997; Schueller, 2013). Research is being done
regarding this technology and its ability to substitute labour in the case of labour
shortages in particular in labour-intensive and high-value crops such as tree fruit
(Schmitz and Moss, 2015).

- (B) (C)

Figure 3.1. Available labour aids: Ladder (A), power ladder (B), and platform (C).
Source: Sinnett et al. (2018)

There are machines developed by different robotic companies and commercially
trialled, and some still in the prototype stage (Baeten et al., 2008; Bulanon and Kataoka,
2010). A robotic apple harvester developed by Abundant Robotics is one of the first
example of such developments that were recently trialled commercially in the USA and
New Zealand — Figure 3.2 (Chumko, 2019; Zhang, 2018).
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Figure 3.2. Robotic apple harvester with suction mechanism (Commercially
trialled) Sources: Dininny and Mullinax (2016) and Chumko (2019).
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3.3. Research into the robotic systems in agriculture

This section provides a general overview and description of various characteristics of
mechanised and automated fruit harvesting systems. The section will also introduce
different fruit harvesting technologies including shake-and-catch (mechanical mass
harvesting) and pick-and-place (individual robotic) (Karkee et al., 2018). In addition,
applications of robotic harvesting systems in horticulture and animal agriculture are
reviewed in order to provide a broader perspective on the applications of the robotic

systems in agricultural production systems.

3.3.1. Automation and mechanisation in agriculture

In the past, commercial adoption of agricultural technologies such as tractors, planters,
sprayers, combine harvesters, and irrigation systems have changed the structure of
agriculture (Silwal et al., 2016a) and coincided with replacement of farm labour (van
der Merwe, 2015). Mechanisation has been one of responses farmers have to increasing
labour uncertainties and risks such as shortages, costs, or health and safety while taking
other measures. These measures include using less labour or labour more efficiently by
adopting management and farming practices such as precision farming, pest control,
irrigation systems, and improvement in cultivars (Calvin and Martin, 2010; van der
Merwe, 2015).

Mechanisation and automation in agriculture encompasses precision agricultural
technologies such as auto-steering systems, controlled traffic farming, autonomous
systems (Lee et al., 2013; Mandel et al., 2010; Pedersen and Lind, 2017; Sui and
Thomasson, 2013; Swinton and Lowenberg-Deboer, 2001), machine vision, Global
Positioning Systems (GPS), soil sensors, drones, satellite images, efficient irrigation,

and post-harvest automation (Schimmelpfennig, 2016; Zhang, 2018).

Application of these modern practices and technologies can provide farm operators with
detailed information that can be used to manage the spatial and temporal variability
aspects of agricultural production (Schimmelpfennig, 2016; Zhang, 2018) and to fine-
tune their production practices based on detailed and within-field information
(Schimmelpfennig, 2016). Some of the applications of such technologies are in mapping
and monitoring yield with GPS equipped harvesters and tractors, and soil mapping in
order to deal with variability of soil condition and crop growth, soil compaction,
nutrient management, fertiliser application, and herbicide resistance (Lusk, 2016;
Andrew and Moss, 2015; Redhead et al., 2015; Schimmelpfennig, 2016; Zhang, 2018).
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These technologies and their applications have already been utilised in field crops such
as in the production of wheat and corn (Karkee et al, 2017; Zhang, 2018).

Adoption barriers

From a technical point of view, mechanisation often introduces complex technical
challenges (Calvin and Martin, 2010). Adoption of mechanisation and automation
systems is easier in industrial settings, as the environment and limiting variables are
amended and designed according to the machine’s attributes for its optimal
performance. Whereas in agricultural settings, environmental and production limiting
factors may not be easily managed or eliminated for optimal automation performance
(Burks et al., 2013 and 2018). From an operational point of view, the intelligence and
skill of experienced farm workers are not easy for a machine to imitate, in particular
when crops do not mature evenly, and labour must determine what can be harvested
during several passes through orchards or fields, which is normally the case for most
fruit tree crops (Burks et al., 2013 and 2018; Zhang, 2018).

A mechanical harvester that harvests the crop in one-off time — nonselective harvesting,
regardless of maturity, could decrease useable yield per hectare due to creating
unacceptable levels of damage to the harvested produce or plants, which may not be
suitable for some markets, e.g. the fresh apple market (Calvin and Martin, 2010).
Hence, harvesting machinery has advanced more for vegetables than for fruit and the
advancement has been more common for produce for processed market than the fresh
market. For instance, fresh table grapes are harvested manually, whereas many raisins,
wine, and juice grapes are largely harvested mechanically (except grapes harvested
manually to produce premium wine) (Calvin and Martin, 2010). One consideration is
that most vegetables are annual crops, thus any damage to plants during harvest
operation is less concerning for growers than when machines harvest perennial fruit
such as apples — any damages done to perennial trees during harvest operation could

negatively affect production next year (Calvin and Martin, 2010).

In addition, it is easier to develop and utilise harvesting machines for annual crops
planted in rows than with perennial fruit from trees where fruit location is not as
predictable and requires more precision (Calvin and Martin, 2010). Therefore,
mechanisation may not only entail adopting a single tool or technique, rather it is about
the adoption of a system approach. For example, in a horticultural setting, it includes

adoption of new plant breeding and growing techniques, which are interconnected with
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harvest and post-harvest operations. This coupled with external factors such as
economic and policy changes can influence the adoption of novel agricultural
technologies (Burks et al, 2013 and 2018; Gallardo and Zilberman, 2018; Sunding and
Zilberman, 2001; Thompson and Blank, 2000; Rasmussen, 1968).

Adoption rate

Despite the significant benefits that agricultural technologies offer, the rate of adoption
has not been uniformly temporally or geographically distributed (Pedersen and Lind,
2017; Swinton and Lowenberg-Deboer, 2001). The perceived profitability of
agricultural technologies relies on many factors such as farm size, crop and soil types,
extent of specialisation at the farm, costs of on-farm labour, and accessibility to finance
and collateral for the individual farmer (Pedersen and Lind, 2017). For example,
adoption of precision agriculture technologies is mainly driven by higher expected
profits and often happens in countries with limited labour resources and abundant land
(Pedersen and Lind, 2017; Swinton and Lowenberg-Deboer, 2001). High commodity
prices and low interest rates may speed up adoption rate in these countries (Pedersen
and Lind, 2017; Swinton and Lowenberg-Deboer, 2001).

Similarly, adoption of a mechanical harvester that is available commercially could be
limited due to economic obstacles (Calvin and Martin, 2010; Schimmelpfennig, 2016).
Growers may prefer manual harvesting for tree crops due to better quality of harvested
crops and lower costs. In addition, switching to mechanical harvesting is costly and
risky, requiring a major change in operations of the farm such as using new plant
varieties or growing new crops (Calvin and Martin, 2010). Even with a technology that
generates high farm profits, adoption is slow initially and later becomes faster
depending on characteristics of farm and the learning curve to integrate new technology
with existing practices (Schimmelpfennig, 2016). Furthermore, the adoption decision-
making for individual farmers is dependent on present investments in machinery and
estimated time of replacement and access to training and extension services (Pedersen
and Lind, 2017). It should be noted that from a broad perspective, adoption of a robotic
future for the agricultural industry, e.g. a robotic apple harvester, requires collaboration
and engagement of farmers in the technology transition. Farmers can make their current
orchard related decisions based on anticipating the prospective of utilising robotic
technologies using artificial intelligence (Al) and prepare aspects of their orchard for the

smooth technology transition (Legun and Burch, 2021).
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Notwithstanding, despite wide commercial adoption of automation and mechanisation
technologies in the production of field crops like wheat and corn, commercial adoption
of mechanisation and automation technologies in fruit tree crops especially for fresh
market has been limited (Karkee et. al, 2018). This is because advancements in
mechanisation for fruit and vegetable has lagged in general and being limited to
products for the processing market, and for fresh market fruit harvesting is still mainly
dependant on manual labour (Gallardo and Zilberman, 2018). For example, in the USA,
mechanical harvesting is being used for fruit tree for the processed market including
Florida oranges, Michigan tart cherries, California olives, and California tree nuts
(Gallardo and Zilberman, 2018). Recently, there have been some advancements in
developing robotic harvesting technologies for commercial utilisation in fresh-market
fruit. Some of the developments and application of robotic harvesting systems in
horticulture including strawberry, tomato, and capsicum/pepper productions, as well as
animal agriculture including Automatic Milking Systems (AMS) are reviewed in the
subsequent sections.

Case study: Robotic strawberry harvesting

Currently, there are prototype trials of agricultural robotic systems underway for
automatic strawberry harvesting by two robotics companies - Harvest Croo (Figure
3.3A) and Agrobot (Figure 3.3B) in the USA. Harvest Croo has developed a robot
mainly for in-field strawberry harvesting while Agrobot has focused on greenhouse
strawberry harvesting (Siegner, 2018; SPW, 2019). The technology requires high
precision handling given strawberries are fragile and can easily be damaged during
handling. The robots mimic human pickers and operate based on the current farming
practices and do not require any changes to how the farmer grows their crops like
investing in a more expensive growing system such as tables or vertical frames. The
robot can pick a single strawberry plant in 8 seconds then move to the next plant in 1.5
seconds. A robot is able to harvest nearly 3.3 ha per day without a break, translating into

a replacement of 30 pickers per machine (Siegner, 2018; SPW, 2019).

Similarly, a robotic hand has been developed and trialled in the UK for picking
raspberries and strawberries without damaging the fruit (Ley, 2019). The robot could be
important to British farm sector given that the country is leaving European Union (EU),
which can limit fruit pickers and other seasonal workers from neighbouring European

countries entering the country (Ley, 2019). Another UK based robotic company,
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Dogtooth Technologies (Figure 3.3C) has taken a different approach in developing and
testing a strawberry harvesting robot. To identify ripe fruit, the robot uses computer
vision together with machine learning to enhance its harvesting efficiency techniques.
The robot is also able to sort, and grade harvested fruit based on their size, quality, and
move them directly into a designated basket (Hooker, 2018). Moreover, the robot
operation is compatible with the existing infrastructure, thus growers do not need to
adopt a new growing system (Hooker, 2018). The first prototype was tested in 2016 and
first field trial was recently conducted in Australia, but it has not been commercially
tested (Bogue, 2020). Another similar project has recently been introduced by Robot
Highways a consortium between Berry Gardens, Saga Robotics, the University of
Lincoln, the University of Reading, the Manufacturing Technology Centre, British
Telecom (BT), and strawberry grower Clock House Farm in the UK to develop a robot

to harvest strawberries (Barker, 2020). Note that no commercial launch date has been

announced for these robots.
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Figure 3.3. Robotic strawberry harvesters: CROO (A), Agrobot (B), and
Dogtooth (C). Sources: Giles (2018) and SPW (2019).

Case study: Robotic tomato harvesting

The Virgo, a robotic greenhouse tomato harvester for fruit to the fresh market has been
developed and tested recently by Root Al (Figure 3.4A), a robotic company in the US.
The robot uses a combination of precision agriculture and automation technologies such
as range image sensor, camera, artificial intelligence (Al), and robotic arms with a pick-
and-catch technique to locate and remove ripe tomatoes without bruising them (Black
and Kolodny, 2019). The robot has already been tested in commercial greenhouses in
the U.S. and Canada. In addition, the robot can also be used to pick other crops; through

reprogramming the robot, writing new Al software and adding additional add-ons such

36



as sensors or grippers for picking and handling different crops (Black and Kolodny,
2019).

Another similar robotic tomato harvester has been developed and trialled by Panasonic
in Japan (Figure 3.4B) that uses a set of precision agriculture and automation
technologies while implementing a robotic arm with a precise cut-and-catch technique
that locate and cut the stem of the ripe fruit and moves them to a collection bucket
(Murison, 2017). The robot can be mounted on a rail for easy and quick sliding along
the vines from one end to another end. The robot is expected to mimic human picking
speed, picking at an average speed of 10 tomatoes per minute (Murison, 2017). No

commercial launch date has been announced for these robots.
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Figure 3.4. Robotic tomato harvester: Root Al () and Panasonic’s robot (B).
Sources: Black and Kolodny (2019) and Murison (2017).

Case study: Robotic pepper harvesting

Sweeper, a robotic greenhouse pepper harvester has been prototyped in Europe (Figure
3.5). The robot uses precision agriculture and automation technologies including a
camera to identify the colour of a pepper, computer vision to recognize the fruit ripeness
level for picking, and a robotic arm with small razor to cut-and-catch peppers and

dropping into a collection basket (Arad et al., 2020; Petrova, 2018).

>

Figure 3.5. Robotic pepper harvester (Sweeper).
Sources: Arad et al. (2019) and Petrova (2018)
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Sweeper can pick a single pepper in about 24 seconds, as the speed has been slowed
down purposefully for safety reasons. Moreover, the robot is equipped with LED lights,
enabling the robot to operate at any time of the day, for approximately 20 hours a day.
However, the robot can only pick ripe fruit with 61% accuracy, which is far from
perfect, but it is the first robot of its kind harvesting sweet pepper with this level of
performance in a commercial greenhouse trial (Arad et al., 2020; Petrova, 2018).
However, no commercial launch date has been announced for the robot.

Case study: Automatic Milking Systems (AMS)

The abovementioned technologies are still in the trial phase and not commercially
available, thus no definite studies have yet been done about different aspects of
technologies and their feasibility. However, one of the major agricultural robotic
systems that has been well-adopted commercially is the Automatic Milking System
(AMS) in the dairy industry. Even though it is not directly applicable to field crops, the
concepts and ideas used in developing AMS can give insight as to what factors have
been involved in developing and adopting a robotic system in an agricultural context.
From a technological perspective, AMS uses robotic technology, sensing, and
imagining of milk cows in dairy farms (De Koning and Rodenburg, 2004). Similarly, a
robotic tree fruit harvesting uses similar sets of precision agriculture and robotic
technologies such as robotic arms, vision systems, or sensors (Zhang, 2018). Therefore,
the two systems although from different industries could be considered similar from a

technological point of view.

The dairy industry became interested in AMS or robotic milking systems in mid-1970
as labour costs started to increase in Europe. The first AMS was commercially built in
1992 (De Koning and Rodenburg, 2004). Since 1998, AMS adoption has resulted in
significant changes in different aspects of dairy farming namely the operation and
organisation, and reforming the associations between farmers, employees, technology,
animals, and the environment. However, these implications have not happened in a
uniform way as different degrees of adoption and applications as well as outcomes are

observed among farmers (Schewe and Stuart, 2015).

The use of advanced robotic technology in AMS has differentiated it from other dairy
practices, although, many existing dairy farms use some form of milking machines (De
Koning and Rodenburg, 2004). AMS allows cows to enter a milking machine

voluntarily where a robotic system milks cows without direct human supervision (De
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Koning and Rodenburg, 2004; Schewe and Stuart, 2015). As a result, AMS has reduced
the reliance on labour involvement by 20-30% as farms start to use the technology. One
robot unit can milk 60-70 cows and due to the increase in milking frequency, it may

also increase the production of milk by 6-35% (De Koning and Rodenburg, 2004).

Adoption of AMS is the adoption of a completely new management system rather than
merely a new milking system (Sauer and Zilberman, 2009). In order for the new system
to be totally integrated into the farming system, installation of the robotic milking
entails redesigning the complete dairy production system such as training new skilled
labour and designing feeding and housing systems in accordance with the computer
technologies being used in dairy operations management (De Koning, 2011; Meskens,
et al., 2001). For instance, data captured from the cow identification chips and sensors
can help farmers to track cow health, milk production, weight, frequency of visits to the
robot, detection of infection, and insemination readiness (detection of cow movement
and heat level) (De Koning, 2011; Meskens, et al., 2001; Schewe and Stuart, 2015).
Therefore, the degree of adaptability of computer technologies and skills in a dairy
production system can determine its productivity and performance (Schewe and Stuart,
2015).

Today different types of AMS have been designed by different companies such as Lely
(Figure 3.6A) and DeLaval (Figure 3.6B) to meet the demands of different dairy farms
depending on the number of cows that are milked, the frequency of milking in a day, the
machinery costs, and farmer’s personal preference. As a result, the changes in the
equipment have also led to the changes in the way dairies are designed today (Allen,
2017).

From an economic perspective, the outcomes of economic feasibility analyses of
milking systems show that in order for AMS to be more profitable in comparison to
conventional systems, higher returns can be achieved for farm sizes larger than 60 cows,
using multi-stall AMS (Dekoning, Vandervorst, and Meijering, 2002; Hyde and Engel,
2002). Besides economic benefits, AMS adoption has improved farmer lifestyle by
decreasing labour management and costs using automation and sensor technologies,
increased production level by increasing the frequency of milking and better input
management, and improved animal welfare and health (Hogeveen et al., 2001,
Meijering and Hogeveen, 2004; Stuart et al., 2013). These factors can enhance the

competitiveness of the farm and could support smaller-scale farmers to remain
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competitive with larger-scale farmers (Engel and Hyde, 2003). It has also been reported
that AMS has improved the health and life quality of farmers such as sleep
improvement, psychic health, physical health, and spending more time with family and

on hobbies (Mathijs, 2004; Streete et al., 2017). Therefore, noneconomic factors are as

important as economic factors in shaping the adoption decision of farmers (Hyde et al,
2007).
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Figure 3.6. Automatic Milking Systems: Lely (A) and DeLaval (B).
Sources: DeLaval. (n.d.) and Lely (n.d.)

3.3. Mechanisation and automation in fruit tree harvesting

Similar to the dairy industry, the primary driving force toward mechanisation and
automation in fruit production has been linked to costs, productivity, and availability of
labour along with other related factors such as world market pressures, quality and
safety of production, environmental risks and regulation, risks from diseases and pests,
and cultivar/varietal enhancement (Burks et al., 2013; Silwal et al., 2015). With this in
mind, the next section discusses studies relevant to automation and robotic harvesting

systems in tree fruit crops.

Harvesting is the most time-sensitive and labour-intensive task in fruit production
(Burks et al., 2013; Karkee, 2017; Karkee et al., 2018; Zhang, 2018). During the past
decades, the tree fruit industry has been aiming to cope with the costs associated with
fruit handling and harvesting and reduce the pressure from labour shortages through
mechanisation and automation of fruit production, in particular harvesting (Burks et al.,
2013; Karkee, 2017; Karkee et al., 2018; van der Merwe, 2015). The combinations of
three fundamental technologies namely automation, mechanisation, and precision
agriculture have reshaped the future of fruit production; however, mechanisation and
precision agriculture have been the driving force toward agricultural automation
systems such as robotic harvesting of labour-intensive fruit (Baeten, 2007; Peterson,
2005; Zhang, 2018).
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Precision agriculture was originally developed for field crop production, but it can be
adapted in tree fruit production to improve fruit quality and yield (Zhang, 2018).
However, due to different characteristics of field crop and tree fruit farming, some
applications of precision agriculture in fruit production may be different from those
usually performed in field crop production (Zhang, 2018). For instance, tree fruit
management practices such as pruning, thinning, and tree training demand accurate
information and data including physical position, size, and orientation of the targeted
objects rather than temporal and spatial factors of soil and plants, which are
conventionally used by precision agriculture in field crop farming (Schimmelpfennig,
2016; Zhang, 2018). As a result, commercial development of mechanisation and
automation technologies in tree fruit crops especially for fresh market have been limited
(Karkee et. al, 2018).

3.3.2. Mechanical and automated harvesting systems for tree fruit crops

Nearly all the studied mechanised and automated harvesting systems for tree fruit crops
are developed using a shake-and-catch (mechanical mass harvesting) or pick-and-place
(robotic harvesting) mechanism (Karkee et al., 2018). However, considering the limited
progress in automation and mechanisation in tree fruit harvesting for product for the
fresh market, labour assistance tools, such as mobile platforms have been more feasible
options in performing orchard activities not only being utilised for harvesting fruit for
fresh market but also tree training, pruning, and thinning (Calvin and Martin, 2010; van
der Merwe, 2015). Mobile platforms offer ways to increase the productivity and
efficiency of labour until commercial robotic harvesters are viable (Calvin and Martin,
2010; van der Merwe, 2015; Sazo et al., 2010; Sazo and Robinson, 2013).
Shake-and-catch harvester (mechanical mass harvesting)

Shake-and-catch mechanical mass harvesters can be very cost effective and labour
efficient compared to manual harvesting, thus providing high harvesting productivity
(Karkee et al., 2018). However, successful development and commercial adoption of
these machines has mostly been limited to fruit that are harvested for processing
markets such as cider apples, juicing citrus, canned olives, and hard-shelled crops such
as nuts, where damage to the fruit by harvesting machine will have minimal impact on
value (Huffman, 2012; Gallardo and Zilberman, 2018; Karkee et al., 2018; Silwal et al.,
2015). Much of the research and development on mechanical mass harvesting of fruit
goes back to late 1950s and early 1960s for the processing market, with trials of mass

harvesters for different crops including olives and prunes in California, Florida citrus
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groves, and more recently for deciduous tree fruit such as apples, sweet cherries, and
peaches (Karkee et al., 2018).

Most of the mass harvesters use some type of self-propelled shake-and-catch harvesting
mechanism such as for oranges (Figure 3.7A) and apples (Figure 3.7B) by applying some
type of mechanical vibratory force to the canopy, trunk, or a branch to detach the fruit,
and collect the detached fruit using a catching mechanism (Karkee et al., 2018; Silwal et
al., 2015). However, these systems are not suitable for harvesting fruit for the fresh market
such as apples, pears, or sweet cherries, due to harvest-induced damage such as bruising
or cuts (Karkee et al., 2018; Silwal et al., 2015).
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Figure 3.7. Self-propelled shake-and-catch mechanised fruit harvester: Orange (A)
and apple (B) harvesters. Source: Huffman (2012).

Pick-and-place harvester (robotic harvesting)

The early prototype systems of robotic technologies for selective fruit harvesting were
developed in the 1980s in France using a suction mechanism to detach apples, and in
Florida using a hydraulic arm to remove citrus from the tree (Karkee et al., 2018).
However, the harvesting efficiency — the percentage of fruit identified and harvested
with harvestable quality (Zhang, 2018), for the early prototypes was around 75% due to
poor fruit identification and the difficulty in managing natural obstacles inside the tree
canopy, due to the limited degree of freedom of the robotic arm (Karkee et al., 2018).
Robotic harvesters developed in the past have performed with different detection and
harvest accuracies, with approximately 50 -75% fruit detection accuracy and a
harvesting speed of one fruit every 3-10 seconds, due to different lighting conditions
and orchard types with a large proportion of fruit downgraded because of harvest

induced bruises and/or without the stem (Karkee et al., 2018).

Developing a robotic apple harvester requires solving complex technical problems, such
as visually identifying fruit suitable for harvest and manipulating the robot to harvest
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the fruit without damaging or bruising, and safely auto-navigating itself in the orchard
(Skerrett and McRae, 2019). Sensing technologies, i.e. tools used to measure on-farm
agricultural variables without human intervention, are embedded in the harvesting
robots as a core component of the precision fruit production (Zhang, 2018) to precisely
capture, process, and measure multiple variables and parameters associated with tree
fruit such as location, size, ripeness, and orientation, in order to make accurate decisions
about whether to harvest the fruit from the tree, while at the same time making sure the
harvested fruit will not be mechanically damaged (Calvin and Martin, 2010; Scheuller,
2013; Zhang, 2018).

Robotic apple harvesting system

There are trials currently undertaken by companies with different types of robotic
harvesters. Abundant Robotics (Figure 3.8A) in the USA has been able to develop and
commercially trial an apple harvesting robot based on a pick-and-place mechanism
using a combination of precision and automation technologies such as sensory computer
vision, artificial intelligence, and a vacuum mechanism to pick the fruit off of the trees
to meet the challenge of harvesting ripe apples without damaging the fruit (Chumko,
2019; Zhang, 2018).

The first prototype of the robot was tested in 2015. It was trialled commercially in New
Zealand in 2019 to harvest two apple varieties, Envy and Jazz (Chumko, 2019).
However, no technical information from this trial is available at the time of writing. The
robot uses computer vision to scan apples for ripeness and harvestability, then vacuum
picks the fruit onto a conveyor belt, which moves the harvested fruit to a bin (Chumko,
2019). In-orchard harvesting trials have shown that the robot should ideally be able to
locate over 95% of fruit on tree, remove around 80% of fruit with a harvesting speed of
one fruit per second (Zhang, 2018).

Considering the current harvesting performance of the robot that is not harvesting 100%
of fruit, it is unlikely that the technology would completely replace seasonal fruit
harvesters (NZHerald, 2019), however, it can complement manual labour. The robot can
be used to harvest the first pick, and manual labour undertake the second pick (Chumko,
2019; NZHerald, 2019). In addition, the robot can boost the productivity of manual
labour by being able to harvest a large proportion of fruit grown at the upper levels of
the trees, thus making it easier, quicker, and safer for manual pickers to harvest the

remaining fruit with lower physical demand. It is hoped that the robot would eventually
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enable the orchard industry to allocate people from harvesting into permanent roles for
doing other tasks in the orchard such as post-harvest operations (Chumko, 2019;
NZHerald, 2019).

Another robotic harvester has been developed and trialled by FFRobotics (Figure 3.8B)
in the US for fresh market apples using precision and robotic technologies such as
image processing and analysis, advanced algorithm, and a “three-pronged gripper”,
which mimics the human picking action for locating, detaching, and putting the picked
fruit into designated place (Dininny, 2017; Youngman, 2016). In addition, the robot can
adapt to the specific canopy structures or cultivar using its fruit identification algorithm
learnt in each orchard (Dininny, 2017). Although, the robot is currently focused on
harvesting apples, it is hoped it would eventually be able to harvest other tree fruit using
different specialized grippers. However, the robot is still in the trial phase and no

commercial launch date has been announced by the company; once fully developed, it
could work 24/7 and is estimated to pick 10,000 fruit an hour (Youngman, 2016).
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Figure 3.8. Robotic apple harvester types: suction (A) and gripper
mechanisms. Sources: Dininny and Mullinax (2016) and Dininny (2017).
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Despite recent progress achieved by robotic companies in developing different types of
robotic harvest technology for fresh market fruit, adoption of the technology has still
been limited due to various limiting factors (van der Merwe, 2015; Sarig, 2005). From a
horticulture point of view, the adoption of the robotic harvesting technology depends on
various factors such as tree density, canopy structure, fruit density, size, and growing
pattern. From an economic point of view, the adoption of the technology can be affected
by the costs incurred for labour, fruit loss, machine purchase, maintenance, and repair.
From a technical point of view, a robot harvesting system has to have a harvesting
speed with harvested fruit quality equal to or better than that of the manual harvest.

Moreover, performance and operation of robots may be affected by light conditions,
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because with the current technology robot may only be able to operate in bright daylight
(Burks et al., 2013, Karkee et al., 2018; Silwal et al., 2015; Zhang and Pierce, 2013).

Therefore, at the current development stage, most of robotic apple harvesters may not
be reliable, fast, and fully viable and able to match the skills of workers in the
foreseeable future (Calvin and Martin, 2010; van der Merwe, 2015). Thus, it is unlikely
that apple growers can completely replace manual labour with machinery. Labour aids
namely platform harvesting systems can offer ways to improve labour productivity and
safety and may reduce the current dependencies on labour until robotic harvesters
become commercially available (Calvin and Martin, 2010; Sinnett et al., 2018).
Platform harvesting systems

Given that robotic apple harvesters are still in commercial trials, platform harvesting
systems could be used as an alternative solution for growers that is commercially
available. Platforms have been used by growers around the world since the 1970s along
with other harvesting tools such as ladders and power ladders depending on the
suitability to their production system to assist with not only harvesting, but also tree
training, pruning, and thinning tasks (Sinnett et al., 2018). Mobile platforms can
improve the efficiency of orchard workers as these machines can be equipped with

hydraulic ladders with auto-steering capability (Sinnett et al., 2018; Zhang, 2018).

The adoption of platform systems has not been uniformed geographically (van der
Merwe, 2015). In European countries like Italy, platforms have been the most viable
option in orchards, allowing manual labourers to harvest fruit quicker, easier, and more
efficiently while ensuring their safety (van der Merwe, 2015; Sazo et al., 2010; Sazo
and Robinson, 2013; Zhang, 2018). Despite increasing efficiency of pickers by
replacing ladder and eliminating climbing inefficiencies, there are still limiting factors
that can affect the adoption of platform harvesters for fresh market fruit. For example, in
the USA, harvesting platforms are not widely adopted due to incompatibility of
platforms and the existing non-uniform tree canopy systems. Moreover, working as a
team, the picking speed of the workers can be influenced by the slowest worker on the
platform, thus reducing the overall harvesting speed and efficiency (Brady and
Gallardo, 2015; Elkins et al., 2011; Robinson et al., 2013).

Research on the benefits of using platforms is not definite on the labour savings from
different methods of harvesting, punning, and thinning (Sinnett et al., 2018). It has been

found that platforms can improve labour efficiency for tasks such as pruning, thinning,
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and tree training compared to using ladder for the same tasks (Baugher et al., 2009;
Wells, 2017a). Other research suggests that the degree of labour efficiency achieved for
these tasks using platforms depends on tree height and structure, but could potentially
reduce the harvesting rate by 20% in harvesting hard to reach parts of tall trees (Elkins
etal., 2011; van der Merwe, 2015). Results from platform harvesting trials have shown
that 13-17% efficiency can be gained by pickers who had experience in working with
platforms and in teams compared to no efficiency gains with pickers with very little

experience using the machine (Wells et al., 2017a).

It has been found that platform harvesting can improve harvesting time by 10% and up
to 49%, subject to the variety picked (Schupp et al., 2011) and picking efficiency by 10-
15% due to less movement of workers to a bin and up a ladder (Hornblower, 2016).
Trials have shown that platform harvesting with four apple pickers can increase the
picking speed to fill a bin compared to using a ladder by 15-33% depending on the
variety picked; however, bruising also increased by 2.7-7.9% depending on the variety
picked (Schupp and Baugher, 2017). In terms of productivity gains (harvested weight
per hour), the average labourer on a platform can pick 183-266 kg per hour depending
on the number of picks and cultivar compared to 130-150 kg per hour using
conventional ladder picking (Hansen, 2011; van der Merwe, 2015). Different types of
platform systems have been developed over the past decades from basic tractor pulled to
self-propelled to advanced pneumatic mobile platforms. These are explained in detail in
the subsequent paragraphs.

Platform types

Self-propelled platforms

Single-level (Figure 3.9A) and multi-level (Figure 3.9B) self-propelled platforms
designs range from built on truck chassis to platforms equipped with self-steering,
hydraulically controlled auto-levelling, and independently adjustable levels in multi-
level platforms. These platforms can essentially replace ladders, carrying 4 to 16
workers (van der Merwe, 2015). It has been shown that multi-level harvesting platforms
can provide a less strenuous and safer working environment meeting the comfort of
labourers given the position of each picker standing at a different height with the
picking area from waist to eye level (Elkins et al., 2010). However, pickers on the

ground level have to cope with excessive stressing on the back given the constant
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bending down to reach lower apples. Therefore, it is advised that pickers on the

platform are rotated on a regular basis to cope with this issue (van der Merwe, 2015).

(A) ) (8) _©

Figue 3.9. Orchard platform types: Self-propelled single-level (A) an

multi-level (B), and tractor pulled (C). Sources: Sazo et al. (2010), Wells et al. (2017b), and
Hydralada (2018).

Recently, T&G Global Limited in New Zealand, acquired self-propelled Italian-made
Nblosi Quad Lift platforms to enable safe, fast, and efficient picking of apples and
increase harvested yield while deal with labour shortages especially allowing new or
less fit workers to pick 6 bins per day compared to 2-3 bins per day using ladders. The
platform can accommodate four people at one time and is equipped with a conveyer belt
attached to the platform to transfer picked apples to a collecting bin at the back — Figure
3.10 (T&G, 2021).
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Tractor pulled or tractor mounted platforms

Tractor-mounted or tractor-pulled platforms (Figure 3.9C) are cheaper than the self-
propelled models, carrying 4 workers. However, not all tractors are suited for platform
operation, in case of the absence of a driver, the tractor must be controlled from the
platform, which is not always possible. Harvested crops are collected with a bin trailer

attached to the tractor or a bin placed on the ground (van der Merwe, 2015).

47



Pneumatic-type harvesting systems

Pneumatic-type harvesting systems are the more advanced type of platforms,
manufactured by two American companies, DBR Conveyor Concepts (Figure 3.11A)
and Oxbo International Corporation (Figure 3.11B) (Lehnert, 2012; van der Merwe,
2015; Warner, 2012). Earlier models could only accommodate two pickers but later
models allow four pickers to work on the machine (Schupp et al., 2011; Warner, 2012).
Manually harvested apples are placed in flexible tubes with a vacuum mechanism that
suck the apples through the tubes with a decelerator before a mechanical bin filler
places apple in the bin. The efficiency of the machine depends on fruit size -
determining the vacuum pressure inside the tubes and the speed at which the fruit pass
through the tubes (van der Merwe, 2015).

Figure 3.11. Pneumatic vacuum apple harvesters: DBR (A) and Oxbo (B)
Sources: Warner (2012) and Lehnert (2012).

DBR Conveyor Concepts harvesting system is designed in a way that can be used on
different mechanical platforms, which allow future updates to be done separately thus
making it more feasible economically (Schupp et al., 2011). The Oxbo International
Corporation harvesting system’s module design does not allow it to be used with
different mechanical platforms thus may limit its use on the same platforms. However,
it comes with a sorting system, which allows fruit to be sorted on-the-go, graded and
transferred to a separate bin, using an on-board camera and computer to record the size,
quality, and number of fruit for each picker (McFerson, 2010). Trial outcomes with
DBR conveyor harvesting system showed an increase of 10-20% in harvesting Pink
Lady and Golden Delicious apple varieties (Schupp et al., 2011).

3.3.3. Post-harvest automation for tree fruit crops

Post-harvest operations including storage, grading, sorting, and packaging are among
the most mechanised and automated operations of fruit production, where the
environment allows for better integration of mechanical, computer, and electrical

components by using various technologies such as machine vision and sensing systems
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(Gao et al., 2010; Kondo and Kawamura, 2013). For example, fruit grading by size and
colour is among the advanced fruit handling technology in post-harvest operations using
computer vision systems to gather fruit image information and then fruit are sorted
based on colour, size, and blemishes on surface (Gao et al., 2010). New Zealand has
been one of the key players in innovating post-harvest automation systems in the
horticulture industry. Compac Sorting Equipment (Figure 3.12), originally a New
Zealand company that was established in 1984 and currently is part of the Tomra Food
Family has been developing systems for sorting fruit based on colour, size, ripeness,
and blemishes (NZHerald, 2016). The technology can sort 6,000 apples per minute into
58 categories of colour and size (Wood, 2003). Robotic Aporo apple packer (Figure
3.13) is another post-harvest automation system that has been developed and was
launched commercially in 2018 by Robotics Plus Ltd, a New Zealand agricultural
robotics company. The apple packer can identify and place up to 120 fruit per minute in
display trays incorporating a suite of technologies including machine vision, robotics
and automation, machine learning and Atrtificial Intelligence (Al), and software and

control systems (Taunton, 2018; Scoop News, 2020). The technology is already

operating commercially in packhouses in the United States and New Zealand (Taunton,
2018).

Figure 3.12. Compac apple sorting technology
Sources: Paulin (2012) and Jones (2014)
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Figure 3.13. Robotic Aporo apple packer
Sources: Taunton (2018) and Robotics Plus Ltd (n.d.)
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Notwithstanding, post-harvest handling is a major cost in fruit production especially in
apple production (Mizushima and Lu, 2011; Zhang et al., 2017). For example, it has
been reported that the post-harvest costs for Fuji variety can make up to 37.4% of the
total apple production cost (Zhang et al., 2017). After apples are harvested, they are kept
in cool storage with mixed quality grades until being transferred to packing operations
for sorting and grading (Mizushima and Lu, 2011; Zhang et al., 2017). It should be
noted that during the post-harvest operations, apples graded with a lower quality that are
suitable for processing incur the same post-harvest handling costs as the higher-quality
graded ones for fresh market. However, the lower graded apples are sold for a much
lower price compared to fresh market ones (Zhang et al., 2017; Zhang et al., 2019). As a
result, orchardist could lose profit from lower quality or processing apples. Therefore,
orchardists would prefer to have the option of dumping lower graded apples in orchard

and not having them transferred to the post-harvest operations (Zhang et al., 2017).

These issues have led the engineers to develop an in-orchard apple sorting technology
with the capability of sorting high quality apples suitable for fresh market from low
grade ones suitable for processing with the possibility of being integrated into a
platform harvesting system (Zhang et al., 2019). In 2016, engineers from Michigan
State University built the first prototype of the technology that was mounted to a self-
propelled platform with horizontal and vertical level adjustments (Figure 3.14). The in-
orchard sorting function can financially support growers by inhibiting the spread of
microbial diseases and rot from defective fruit to high quality ones in the same bin
during the post-harvest storage (Zhang et al., 2017; Zhang et al., 2019). The technology
has not been fully commercialised and despite such benefits, it has not been widely
accepted by apple growers due to the capital investment costs required in addition to
acquiring the platform harvesting system (Zhang et al., 2019).

Figure 3.14. Platform mounted in-orchard sorting technology
Source: Milkovich (2020).
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3.4. Orchard management systems

Considering that the orchard system is a critical consideration for the successful
development and implementation of harvesting solutions, this section provides an
overview of key horticultural factors and practices such as variety and rootstock choice,
hedging, pruning and tree training, and tree spacing and population, that need to be
taken into account by horticultural scientists and harvesting system developers to
optimise the plant-machine system performance (Burks et al., 2018; Karkee et al.,
2018). Moreover, given the importance of canopy systems in successful utilisation of
mechanised or automated harvesting systems, the description and characteristics of the
most commonly used tree canopy systems in New Zealand orchards will be discussed
(Burks et al., 2018; Karkee et al., 2018).

From a horticultural perspective, an integrated orchard production automation system
requires a systems approach rather than adopting a single tool (Gallardo and Zilberman,
2018; Sunding and Zilberman, 2001; Thompson and Blank, 2000; Rasmussen, 1968;
Zhang, 2018). This is to ensure that in-orchard cultural practices including hedging and
pruning (controlling tree size and shape), thinning (controlling fruit yield and size)
(Burks et al., 2018), tree population and spacing, tree canopy system and shape (Zhang,
2018), and variety and rootstock choices are suitable for the crop variety and

mechanised and automated operations considered (Burks et al., 2018; Zhang, 2018).

The decision to establish a new orchard is strategic as it is difficult to make any changes
to key planting components such as cultivar, rootstocks, tree spacing, and training
system, once trees are planted (Whiting, 2018). Current orchard systems are planted
with size-controlling rootstocks, and new varieties are bred based on large fruit size,
enhanced colouring, and consumer attraction (Whiting, 2018). Establishing a
standardised orchard would mitigate horticultural limitations; such as tree density, tree
canopy systems, or the uneven distribution and maturity of fruit on trees, and allow for
easier adoption and optimal operation of machinery in orchard without the need for
frequent customisation; which can improve yield and orchard profitability (Burks et al.,
2013; Zhang, 2018). The ultimate goal of growers is to produce high quality fruit in
high quantities in a sustainable and profitable approach (Whiting, 2018).

3.4.1. Variety and rootstock
Breeding new varieties can improve quality or characteristics by modifying crop
characteristics suitable for mechanical harvesting, which could help with development
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and implementation of mechanical harvesting systems (Burks et al., 2018). When
developing new varieties of fruit, plant breeders must take into consideration whether
the market will accept the variety and how durable the variety will be under machine
harvesting and handling (Burks et al., 2018). Fruit with long shelf-life and appealing
appearance are well-accepted in the fresh market (Whiting, 2018). A variety must be
resistant to harvesting and handling induced damage such as rupturing, cracking, and
bruising, while it must be relatively easy to detach from the plant with the stem intact
(Burks et al., 2018).

In combination with breeding new apple varieties, the advent and extensive adoption of
size-controlling rootstocks (dwarfing rootstocks) has been the key development
enabling the transition to more efficient orchard systems (Burks et al., 2018; Whiting,
2018). Dwarf trees are more compact and smaller than the standard apple trees, which
make them suitable for high-density tree planting (Calvin and Martin, 2010; Gallardo
and Brady, 2015). Dwarf rootstocks have led to improvements in canopy light
interception, fruit quality, and production efficiency, mineral uptake, and enhancing
resistance to environmental conditions and pests (Hooijdonk, 2009; Whiting, 2018).

For example, in New Zealand, apple orchards were traditionally planted with low
density trees using semi-dwarf rootstocks with limited pruning or canopy management
practices that consequently led to large canopies with poor light distribution
(Hooijdonk, 2009). It required the use of tall ladders for harvesting, which made them
unsuitable for mechanical harvesting (Hooijdonk, 2009; Whiting, 2018). The transition
to dwarfing apple rootstocks has enabled New Zealand growers to reduce the final tree
size, enabling them to switch to high planting density — modern fruiting wall orchard
system (Hooijdonk, 2009). Furthermore, by utilising dwarfing apple rootstocks, the
New Zealand orchard industry has boosted its capability to rapidly develop new apple
varieties with high yield and improve marketable qualities including skin blush, total
soluble solids, and in some cases, fruit size (Hooijdonk, 2009).

It is important to note that the choice of variety and rootstock not only affects
production and competitiveness of the industry, but also can affect the labour supply
and demand in the industry (Calvin and Martin, 2010). Even though the idea to use
dwarf rootstocks was not exclusively derived from labour issues, but reduced labour
costs, improved productivity, efficiency, and safety of workers are important benefits.

Smaller trees allow workers to more easily find apples while reducing the use of ladders
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in the field, thus increasing safety and productivity (Calvin and Martin, 2010). Growers
have been able to reduce the cost of pruning and fruit picking given the nature of dwarf

rootstocks, once matured and properly managed (Hooijdonk, 2009).

However, developing a new orchard with dwarfing trees is expensive. This is because
dwarf trees need structured support such as a canopy supports (trellis) to handle the
weight of fruit (Calvin and Martin, 2010). In addition, and important in the context of
the current research, dwarfing rootstocks pave the way for easier transition to
mechanical harvesting (Calvin and Martin, 2010) by standardising the orchard with
relatively uniform tree sizes and shapes, which can enhance the operation and efficiency
of machines (Burks, et al, 2018; Cargill, 1983; Zocca, 1983). These orchard
characteristics are further explained for the most commonly used canopy tree structures

in New Zealand orchards in section 3.4.5.

3.4.2. Thinning and crop load

Managing crop load is one of the key components of orchard management that can
determine not only the annual bearing, but also the profitability of orchard in the current
and future seasons (Zhang and Chen, 2018). Crop load is used as a factor to measure
orchard productivity according to the volume (number or weight) of fruit produced per
branch or tree (Musacchi and Serra, 2018). Fruit trees set more fruit than is optimal in
the context of fruit size or quality. An excess number of fruit compared to the overall
plant growth could lead to smaller fruit size and inconsistent bearing in many perennial
crops such as apple, pear, olive, citrus, and plum. Therefore, to ensure optimal fruit size
and quality, it is important to manipulate the balance between the plant growth and fruit
growth of a tree (Zhang and Chen, 2018).

There are many methods for the management of crop load such as fruit thinning and
pruning (Zhang and Chen, 2018). Thinning is utilised as a practise to control crop load
through adjustment of fruit: leaf ratio, by removing excess fruitlets from trees to
improve fruit size, quality at harvest, colour, reduce biennial bearing, and increase
return bloom (Musacchi and Serra, 2018). However, over-thinning could lead to
extremely large fruit size or inferior quality such as reduced colours, flesh firmness, and
post-harvest life in apples as larger sized fruit tend to bruise more severely and easily
compared to smaller sized-fruit when there is fruit to fruit contact (Kupferman, 2006;
var der Merwe, 2015). Therefore, managing crop load is about creating the right balance

between adequately managing load for an optimal fruit size and sufficient return bloom
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without excessively reducing yield (Zhang and Chen, 2018). In addition, thinning can
reduce occlusion and multiple fruit growing together, while ensuring fruit on each
branch grow into an open space without leaning against the trunk, branch, or any other
objects (Karkee et al., 2018). This can make fruit more visible and accessible, thus can

increase the efficiency of harvesting solutions (Zhang and Chen, 2018).

There are three different thinning methods including hand thinning, mechanical
thinning, and chemical thinning, which can be used together or separately. However,
chemical thinning is considered as the most efficient method in terms of cost/result
(Musacchi and Serra, 2018; Zhang and Chen, 2018). Growers can improve fruit quality
by adjusting the fruit load using chemical thinners during and shortly after the bloom
period (Calvin and Martin, 2010).

Technically, three crop management methods are implemented in a pre-determined
order to adjust the crop load; starting with pruning without making any changes to the
number of flower buds present on the tree, followed by chemical thinning to adjust the
initial set of flower buds, and finally finished by hand thinning to adjust the load of
flower buds to the desired fruit number. In addition, estimation and forecasting models
are used to assist with decision making about efficient crop load management — taking
into account a number of factors including variety, rootstock, tree age, and plant
physiology and environment (Zhang and Chen, 2018). Note that assessing how total
crop load or productive fruit weight changes according to the thinning strategy, whether

increasing, decreasing, or staying the same, is beyond the scope of this research.

3.4.3. Pruning and tree training

Pruning is the first step to maintain tree growth balance in the next production season by
reducing flower bud load (Zhang and Chen, 2018). Counting and reducing the number
of flower buds per tree to a pre-defined number has become an important component of
proper pruning with the introduction and widespread adoption of high planting density
systems in apples (Zhang and Chen, 2018). Proper pruning and training (shaping young
trees) when incorporated with thinning can create a uniform tree canopy shape and size
requiring minimal labour work (Karkee et al., 2018). Moreover, tree hedgerows that are
properly trained and shaped would create a fruiting wall, where fruit are grown on the
outer side of tree canopy along the trellis wires (Zhang and Chen, 2018; Zhang, 2018).
This can improve the accessibility and visibility of the canopy system, which would

increase the efficiency and effectiveness of orchard operations such as harvesting,
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spraying, and thinning as well as improving the light interception into the canopy,
resulting in better fruit quality (Zhang and Chen, 2018; Zhang, 2018).

A high accessibility and visibility level in the canopy system for a robotic harvesting
system means that the robot could more easily locate, identify, and detach ripe fruit,
thus taking less time harvesting and a smaller number of harvesting robots would be
needed. In terms of labour use, most pruning and tree training activities require
relatively skilled labour, happening during the winter when trees are dormant.
Availability of labour has generally not been an issue because there is less demand for
farm workers during winter and workers have a longer period to finish the task. Some
employers hire workers year around for these activities. In addition, some growers may
utilise platforms in an orchard with shorter trees, for labour to stand on while pruning
trees and eliminating the need for ladders (Calvin and Martin, 2010).

3.4.4. Tree population and spacing

For efficiency and suitability of robot harvesting, orchards need to have relatively
uniform and standardized tree sizes with predictable shapes to enhance the harvesting
output and efficiency, and economic return (Cargill, 1983; Zocca, 1983). Standard tree
size includes specific features such as tree height, thickness, shape, and spacing between
and within rows to ensure the efficient operation of the harvesting machines with

minimum idle time at harvesting when moving between trees (Burks, et al, 2018).

New orchards are established based on high planting density such as V-shaped
canopies, in order to speed up fruiting by rapidly filling the inter- and intra-row space
(Whiting, 2018). Inter-row spacing needs to accommodate machinery, which has
restricted the distance between orchard rows to typically 1.2-3.0 m. With the
introduction and adoption of vertical fruiting wall canopy systems, narrow row spacing
(1.5-2.0 m) has become popular (Burks, et al, 2018; Whiting, 2018).

3.4.5. Tree canopy systems

Tree canopy refers to different canopy components such as branches and trunks in a
conventional tree shape, grown and formed over time and through implementation of
pruning and thinning practises (Karkee et al., 2018). Various types of tree canopy
systems are used around the world for commercial growing of different fruit crops -
taking into account horticultural and engineering aspects in parallel (Karkee et al.,
2018). Essentially, the tree canopy structure and technology would drive the efficiency
of future apple orchards (Finger, 2017). Effective tree canopy systems can also
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determine the success of new apple cultivars given the importance of high yield
intensive plantings (Pollard, 2018; Wilton, 2018).

The canopy must be strong enough to bear the fruit load and even overhead netting for
crop protection from sunburn and hail (Hughes, 2018a). Note that installation and
maintenance costs of the tree canopy are some of the important factors that apple
growers need to consider when selecting a tree support system. Higher costs and
investment are needed for more structured canopy systems as well as more informed
decision-making for implementing the right tree pruning and training practices (Finger,
2017; Hughes, 2018a; Karkee et al., 2018; Wilton, 2018).

This section provides a brief overview of the most commonly used canopy systems
relevant to mechanisation and automation. Some of the canopy systems that are more
commonly used in New Zealand include Slender Spindle (Figure 3.15), two-
dimensional (2D) (Figure 3.16), V-shaped (Figure 3.17), and Future Orchard Production
System (FOPS) (Figure 3.18) (McKay and Rogers, 2018).

Figure 3.15. Slender Spindle canopy Figure 3.16. Two-dimensional (2D)
system Source: Gupta (2012) canopy system Source: Lenhert (2010)
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Figure 3.17. V-shaped canopy Figure 3.18. Future Orchard

System Source: Apples and Pears Production SyStem (FOPS)

Australia Ltd. (2012). canopy system Sources: Hughes
(2018b) and van Hooijdonk and Tustin
(2015).

Slender Spindle or three-dimensional (3D) canopy
Slender Spindle is one of the older variants of spindle or the vertical axis canopies with

shorter canopy height (~ 2.5 m) compared to other spindle types as illustrated in Figure
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3.15 (Karkee et al., 2018). It is one of the main growing canopies worldwide and in
New Zealand (Hughes, 2018a; T&G, 2018). It is also known as a three-dimensional
(3D) structure, referring to the dimensions of its depth, length, and width (Hughes,
2018a; Karkee et al., 2018). However, the depth dimension of the system has raised
concerns about its adverse impacts on production efficiency and mechanisation potential
(Karkee et al., 2018).

It would be unlikely to achieve a desirable level of robotic harvesting efficiency in an
orchard with trees grown conventionally (3D) (Karkee et al., 2018). A 3D orchard
system makes it more complex to develop a robot with the ability to navigate through
the tree for fruit, thus leading to high acquisition and maintenance costs, and limiting its
practical adoption (Karkee et al., 2018). Fruit size, quality, and difficult accessibility
into the canopy for labour or even for a robotic harvester are among the disadvantages
of the 3D system (Hughes, 2018). Lack of optimal light penetration in the small dwarf
canopy’s interior leads to a deterioration in production quality, and as the canopy ages,

ease of access into the canopy will diminish (Hughes, 2018a).

The Slender Spindle canopy typically has a tree density of 2,400 trees per ha with
between-row and in-row spacing of 3.5 and 1.25 meters, respectively (Table 3.7).
Slender Spindle is among the cheapest canopy to establish. It costs around $20,600 per
ha and trees cost $39,000 per hectare for two years capital investments to install the
trellis (Table 3.7).

Table 3.7. Characteristics of different canopy systems in New Zealand apple
orchards

Slender

Characteristics/Canopy type Spindle 2D  V-Shaped FOPS
In-row spacing (metre/mm) 1.25 1.25 0.6 1.5-2
Between-row spacing (metre) 3.5 3.5 3.5 3
Density (trees/ha) 2,400 2,400 4,800 1,600-2,200
Trellis costs incl. labour costs

($/ha, for two years) $20,600 $32,600  $40,700 $40,700
Tree costs $39,000 $39,000 $47,000 $39,000

Sources: Barritt and Van Dalfsen (1992); McKay and Rogers (2018); T&G (2018).

In the table, the establishment costs for these canopies only refer to the trellis
installation including the labour works and do not include other related costs for
establishing and running the whole orchard system such as ground preparation, planting
cost, and irrigation (T&G, 2018). In addition, labour costs and availability may also be

considered a challenge, in particular for more advanced canopies such as 2D, V-trellis
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or FOPS. Labour needs to be trained and familiar with new approaches in pruning and
training trees in order to improve the productivity of manual harvesting and robotic
harvesting in future. Labour costs for installing trellis vary across varieties from $1,600
per ha for Slender Spindle, 2D, and FOPS trellis to $4,700 per ha for V-trellis systems
(McKay and Rogers, 2018).

Two-dimensional (2D) canopy

The 2D canopy system was originally developed in Washington State and has enhanced
the ergonomics and working environments for workers in orchards and is considered to
be more suitable for mechanised or automated harvesting systems such as platforms or
robotic harvesting — Figure 3.16 (Hughes, 2020; Karkee et al, 2018; Zhang, 2018). This
is because fruit are visible from the row, which makes it easier and quicker for the robot
to identify and pick them (Finger, 2017; Hughes, 2020; Karkee et al, 2018; Zhang,
2018).

Furthermore, 2D canopies can increase light interception into canopy, which can
potentially lead to increased productivity and yield (Finger, 2017; Hughes, 2018a and
2018b; Pollard, 2018; T&G, 2018). As a highly structured canopy system with 2,400
trees per ha, 2D systems require substantial and constant tree training, which may not be
acceptable to all growers (Hughes, 2018a). To install the trellis in New Zealand
orchards, it costs around $32,600 per ha and trees cost $39,000 per hectare over two
years capital investment (Table 3.7).

V-shaped canopy

V-shaped or angled canopy (Figure 3.17) also known as the Washington V is perhaps
one of the most commercially adopted tree canopies and has the advantage of
intercepting more light due to the angled shape of the canopy, which allows more light
penetration in comparison to vertical canopies (Hughes, 2018a) as illustrated in Figure
3.17. However, difficulties in accessing the interior of the V canopy could be a
disadvantage of this system (Hughes, 2018a), which could make it difficult for the robot
to easily identify and pick fruit compared to 2D system.

In addition, the costs of canopy structure and training trees may be other disadvantages
of using this canopy. The V-shaped canopy is the densest type of canopy with a density
of 4,800 trees per hectare, mainly due to the smallest in-row spacing at 0.6 metre
(Hughes, 2018a). However, the VV-shaped canopy is among the most expensive canopies
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to establish. To install the trellis, it costs around $40,700 per ha and trees costs $47,000
per hectare over two years in capital investment plan (Table 3.7).

The Future Orchard Production System (FOPS)

The Future Orchard Production System (FOPS) or the vertical fruiting-wood system as
illustrated in Figure 3.18 developed by Plant and Food Research New Zealand, has been
a step change for tree design and orchard management (Hughes, 2018a & 2018b). FOPS
is technically considered a new type of 2D growing system and “Cordon Planner”
would be the better technical and descriptive name for it, even though this system has
been known as FOPS, which is the name of the research program it was developed from
(Hughes, 2020). The main objective of developing the FOPS has been to maximise the
penetration and distribution of light by up to 90% while achieving high yields (Hughes,
2018a, 2018b).

The FOPS has a tree density of between 1,600 to 2,200 trees per hectare with an in-row
spacing of 1.5-2 m (Table 3.7). However, the row width is one challenge for this system
(3m) that may appear to hinder its adoption, as to whether it should be narrower for
productivity purposes or wider for equipment movement (Hughes, 2018a, 2018b).
Narrower rows may require using narrower or smaller bins and equipment, while wider
rows for conventional equipment and bins may compromise productivity and yield
levels (Hughes, 2018b, 2018a), which have to be taken into consideration by developers
of the robotic harvester. In terms of establishment cost, similar to V-shaped canopy, the
FOPS system is among the most expensive canopies costing around $40,700 per ha and
trees cost $39,000 per hectare over two years of capital investment (Table 3.7).

3.5. Economic studies in perennial fruit systems

This section provides a brief overview of the most commonly used economic models
that have been implemented to analyse different aspects of decision-making in perennial
fruit crops that may not directly be applicable to the adoption of a new technology such
as a robotic harvester, but the ideas and concepts used in these models can give insight
as to what factors to take into account when developing models for analysing the

economics of robot harvesting tree fruit.

The number of studies of the apple industry among perennial fruit is relatively limited,
with the larger of the studied papers in recent years being econometric approaches (e.g.
Tozer and Marsh, 2018) and simulation (e.g. Hester and Cacho, 2003) modelling of the
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industry among other approaches. Table 3.8 presents a summarised overview of these
papers including the modelling approach, crop, and focus for each one.

Table 3.8. List of sampled published literatures on perennial fruit modelling

Author/s Modelling . Crop Focus
appproaches

Zhao et al. (2007) EDM/DP Apple Impacts of shocks to industry
Busdieker-Jesse et al. (2016) EDM Apple New tephnology and industry

dynamics
Jiang et al. (2017) EDM Pear Impacts of shocks to industry
Tozer and Marsh (2018) EDM Apple Impacts of shocks to industry
Cassey et al. (2016) EDM Apple, peach Labour management
French and Bressler (1962) Econometric  Lemon Industry dynamics
French and Matthews (1971) Econometric  Peach Elasticity and trade
Rae and Carman (1975) Econometrics  Apple rl:l]z\l/(virgzchnology and decision-
Baumes and Conway (1985) Econometrics ~ Apple Pesticide use and production
French et al. (1985) Econometric ~ Peach ;lrjf)%lr;movall planting and
Willett (1993) Econometric ~ Apple Elasticity and trade
Roosen (1999) Econometrics ~ Apple Impacts of pesticide removal
Devadoss and Luckstead (2010)  Econometrics S\Z‘?:ﬁ/ peach,  Industry dynamics
Willis and Hanlonn (1976) MP Apple Investment decision-making
Cittadini et al. (2008) MP Cherry Production and labour

management
Catala, et al. (2013) MP Apple, pear Investment decision-making
Catala et al. (2016) MP Apple, pear Resource management

: . Thinning strategy and
Davis and Thiele (1981) MP Apple, pear profitability
Childs et al. (1983) MP Apple Orchard decision-making
Winter (1976 and 1986) Simulation Apple Orchard decision-making
Scott and Rasmussen (1990) Simulation Peach Orchard decision-making
Haley et al. (1990) Simulation Apple Orchard decision-making
Thiele and Zhang (1992) Simulation Apple Orchard decision-making
Groot (1999) Simulation Apple Orchard decision-making
Cahn et al. (1997) Simulation Apple Orchard decision-making
Whitaker and Middleton (1999)  Simulation Apple Orchard decision-making
. . Thinning strategy and

Hester and Cacho (2003) Simulation Apple profitability

! Mathematical programming = MP, Dynamic programming = DP, Equilibrium/displacement model = EM/EDM

The models in these studies consider economic and biological factors, helping with
decision-making at different stages of production for deciduous perennial fruit crops
including decisions about tree size, yield level, and the varietal mix at the planting stage
(e.g. Hester and Cacho, 2003). As these decision variables are interlinked, they can also
affect inputs and outputs such as profit and costs per hectare. Therefore, the profitability

of an orchard substantially depends on biophysical and economic factors (Hester and

60



Cacho, 2003). In addition, these studies consider various objectives such as the impact
of shocks to industry (Zhao et al., 2007, Jiang et al., 2017, Tozer and Marsh, 2018),
industry dynamics, elasticity and trade (French and Bressler, 1962; Willett, 1993), or
investment and orchard decision making (Willis and Hanlon, 1976; Hester and Cacho,
2003). The following sections provide a more detailed overview of each paper and
categorises them according to the modelling approaches developed, keeping in view the
gaps in the literatures that need filling to help with identifying the appropriate method

for the current research.

3.5.1. Mathematical programming models

Linear programming (LP) or linear optimisation is a mathematical programming
method to determine the optimal solutions with objectives such as profit maximisation
or cost minimisation that includes inequalities or linear equations. Allocating resources
to activities is the most common type of application of LP (Hillier and Lieberman,
2005; Jones et al., 2017). Most of the LP models developed focused on maximising the
long term net present value (NPV) or the real value of the investment in present terms,
depending on limited resources such as capacity of harvesting, investment funds, or
availability of land (Zhang and Wilhelm, 2011). Willis and Hanlon (1976) developed a
LP model to select an optimum mix of apple varieties for a Massachusetts farm under
marketing and production conditions. The model considered an optimal mix of varieties
(early-, mid-, and late-season) planted over time and a continuous period of harvest
operations that maximises NPV with limitations on available resources such as capital,

labour, land, and storage capacity.

Catalé et al. (2013) used a LP model to assess an investment decision about which trees
to plant to maximise the NPV of the investment in an apple and pear production orchard
in Argentina. Economic scenarios were compared over a period of twenty years for four
different varieties of apples and five varieties of pears. From a variety perspective, the
result showed that it is preferable to plant the most profitable varieties of apple and pear.
The sensitivity analysis showed that a farm’s ultimate structure and profitability are

influenced by the availability of labour.

Davis and Thiele (1981) formulated a dynamic model to assess the after-tax profit,
optimal age of replacement, and stochastic variability due to hail or drought. The model
examined the impact of replacement age on profit using two replacement systems

including “self-replacement (270 trees/ha) and semi-intensive (715 trees/ha)” (p. 21).
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The model showed an increase in profitability by using semi-intensive system and
irrigation. It was concluded that price and yield influenced the timing of tree

replacement, but not changes in cost levels.

Similar in methodology and objective, Childs et al. (1983) developed a dynamic model
to select an optimum planting system and replacement time to analyse their impacts on
maximum orchard profit using different assumptions and factors including after-tax
cash flow, real discount rate, and expected yield. The results suggested that the discount
rate, expected yield, and expected fruit quality are among the most important factors
that can affect the optimal replacement timing of an orchard system. However, the
developed model is limited by not taking into account components such as the decision
for how much to replace, financial competency of growers for adopting the new

replacement system, and disease issues from replanting.

More recently, Catala et al. (2016) formulated a LP model to analyse two conflicting
objectives namely profit maximisation and minimisation of product supply shortage due
to quality losses, by integrating decisions on production, processing, distribution, and
inventory for the pome fruit industry in Argentina. The model’s scenarios included an
increment in the capacities of a range of supply chain resources including refrigerated
storage, packaging, and the transport systems. It was concluded that additional increases
in these resources do not provide considerable enhancement due to the periodic nature

of the supply system given the seasonality production of apple and pears.

Cittadini et al. (2008) applied a LP approach to assess options for on-farm strategic and
tactical decision-making by maximising fruit production and optimising labour
utilization. The model examines the effectiveness of current systems against sale price
variations of cherries in Argentina. Sensitivity analysis on cherry prices showed that
fruit producers should carefully consider effective land use planning while making

contingency plans to avoid any probable crisis such as variations in sale price of fruit.

As can be observed from the reviewed studies, LP models are most appropriate when
the main objective of the study is predicated on identifying the optimal solutions.
However, it loses sight of the purpose in the context of the current research given the
objectives of the current research are not based on finding the optimal solution but to
assess the relative profitability and performance of utilising robotic apple harvester

under various scenarios.
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3.5.2. Econometric models

Econometric models have been developed to analyse demand and supply responses and
estimate the expected responses of apple production to technological changes (Rae and
Carman, 1975) or the expected industrial reactions to changes in domestic and export
situations (Willett, 1993). Rae and Carman (1975) developed an apple supply model
and its linkage to a technological change in the New Zealand apple production system
resulting from significantly higher yields per ha using semi-intensive tree planting.
Their models estimated the technological impacts on the yield expectations of producers
and its consequent effects on decision making about new plantings, removals, yields,
and the adoption of a new technology.

Willett (1993) developed an econometric model at the aggregated level of the US apple
industry, to estimate supply and demand elasticities incorporating net imports, sub-
models of yield and bearing area into the supply side as well as various apple demand
functions including fresh or processed. Similarly, Baumes and Conway (1985)
estimated the impact of the use of pesticide on production by modelling the U.S. apple
industry at the aggregate level. Roosen (1999) developed a model at the regional level
of the US apple industry to estimate the impacts of pesticide cancellations on national
and regional welfare using elasticities for different supply and demand regions. The
author acknowledged that production criteria and adjustments vary in different regions
and this “heterogeneity” must be recognised when analysing welfare of technology

shifts in the fruit industry.

French and Bressler (1962) developed a hypothesis using econometric modelling to
analyse producer decision-making based on current and recent past prices, returns, and a
possible correlation for acreage, production and lemon prices. The model estimated a
lagged supply response equation and a set of demand equations for fresh and processed
lemons. French et al. (1985) developed an econometric model using new plantings and
removals functions adapted from French and Matthews (1971) to analyse supply
response for Cling peaches. They considered new planting and historical removal
patterns of cling peach trees to measure past returns, potential future production from
existing acreage, risk, and change in bearing acreage. Devadoss and Luckstead (2010)
developed an econometric estimation technique using the rational expectations approach
to model the supply response of apple, cherry, and pear crops based on plantings

removal and, revenue data.
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The reviewed literature shows that the econometric models can incorporate elements
important in analysing the outcomes of decision-making in particular for supply and
demand responses. However, econometric models are not appropriate in the context of
the investment decision-making in the current research. This is due to the complexity of
apple production systems and sources of uncertainty that exist in operating a robotic
harvester. As a result, if sources of uncertainty are taken into account in the model, it
would make it difficult to disengage the impacts of them on the investment decision and
consequently it could lose sight of the purpose in the context of the current research —
assessing the relative profitability and performance of the technology by taking into
account various decision elements such as the characteristics of apple variety and

orchard size.

3.5.3. Bio-economic models

Various micro-economic models such as bio-economic models have been developed in
combination with biological and biophysical models to simulate and assess different
aspects of horticultural systems. Hester and Cacho (2003) used the outputs of a bio-
economic model to assess the cost and revenues of changes in orchard management or
fruit production. Bio-economic models can also be formulated to link farmers’ decisions
about the management of resources to existing and other production inputs to attain
certain outputs and associated externalities (Hester and Cacho, 2003; Zhang and
Wilhelm, 2011).

More specifically, these models are able to analyse crop growing practices such as
thinning strategies and their impacts on orchard returns (Hester and Cacho, 2003), or
make comparisons between the profitability of different orchard systems using various
biophysical decision variables including planting density, variety, rootstock, and
orchard size (Winter, 1976 and 1986), or the impacts of hail netting on apple orchard
microclimate, productivity and tree growth with respect to the economic benefits
(Whitaker and Middleton, 1999). Moreover, bio-economic models together with
simulation models have been used to examine orchard profitability through identifying
the effect of physiological production practices on optimal economic fruit load (Scott

and Rasmussen, 1990).

In addition, these models have also been used as decision support tools to assist growers
with tree fruit and financial management by incorporating interrelated factors such as

yield, fruit quality and size distribution, revenue, and cost (Thiele and Zhang, 1992).
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Groot (1999) constructed a simulation model to evaluate the impacts of orchard
management decisions such as the reduction in chemical input application, on farm
economics and environmental consequences. Haley et al. (1990) formulated a
simulation model to provide an assessment of pest control using three major
components including diagnose (identifying pests from their impacts on buds, fruit, bark
or leaves), identify (designating the pests’ names and their natural enemies existing in
traps, on fruit or tree), and manage (evaluate the net profit of a pesticide application).
Cahn et al. (1997) used a simulation model to predict the economic impacts of decisions
about early cropping and tree spacing, labour hours, input usage on the model’s outputs
including net present value, cash flow, payback period, and internal rate of return.

Bio-economic models are versatile and widely applied among researchers given their
ability to incorporate biological and biophysical factors to simulate and assess the
impacts of various factors on the decision. However, bio-economic models studied aim
to optimise an economic objective and therefore may be unsuitable in the context of the
current research, as they are simplified to allow for the optimisation algorithm to
identify a feasible solution set or optimal point. Therefore, they fail to acknowledge the
complexities of the investment decision in the context of the present study. The present
study aims to retain the complexity within the biophysical model in order to
appropriately evaluate the relative profitability and performance of utilising the robotic

apple harvester under various scenarios.

3.5.4. Equilibrium displacement models

Equilibrium displacement models (EDM) have been extensively applied to assess the
effects of various external shocks such as pest and diseases (Jiang et al., 2017; Tozer
and Marsh, 2018; Zhao et al., 2007) or adoption of genetically modified (GM)
technology (Busdieker-Jesse et al., 2016) on various internal variables. Zhao et al.
(2007) developed a partial dynamic EDM to examine the economic effects of apple
maggot outbreak on international trade and grower welfare over short-, medium-, and
long-term scenarios for several regions in the US with different production and pest
outbreak characteristics. The model incorporated regions with or without pest outbreaks
to assess the potential threat posed to fruit production. In addition, the developed model
used two dynamic components including tree life cycle and pest spread. Hence, the
model was able to measure the dynamic aspects of the impact such as trade flows,

consumer surplus, producer benefit, and price equilibrium time path. Similarly, Jiang et
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al. (2017) designed a dynamic EDM for the US pear industry to assess the economic
impacts of shocks such as disease or pest outbreaks, or restrictive export regulations, or
foreign demand on intermediaries such as packers and processors. The model
incorporated three different types of shocks including a negative supply shock such as a
pest or disease outbreak, trade sanctions imposed by a foreign government, and a

positive shock to foreign demand and an increase in trade cost.

Busdieker-Jesse et al. (2016) developed a partial EDM to evaluate GM technology
adoption and its economic welfare effects to control fire blight on domestic (the US)
and international apple markets over a thirty-five-year period. The model analysed and
compared the costs and benefits of GM technology to traditional and other new
approaches namely “microencapsulation of a bio-control agent” (p. 550). The authors
suggested that growers can benefit greatly from the adoption of GM technology
including a reduction in the costs of production and an increase in the production of
vulnerable apple varieties such as Gala, Fuji, Jonathan, Pink Lady, Granny Smith, and
Honeycrisp. The model provided a conceptual image of the overall scope of the
technology and its adoption by growers once it is available.

Tozer and Marsh (2018) extended Jiang's et al. (2017) model and used a partial EDM of
the US apple industry to examine the heterogeneity of supply responses and the effects
of pest or disease shocks on production and consumption patterns in different regions.
Four regions were incorporated into the model with various production practices,
varietal options, and patterns of consumption. The model works according to a dynamic
shift in regional bearing area equation due to existing lags in region-specific price and
yield structures, leading to varying impacts of pest and disease shocks across regions as
well as impacts on producer and consumer economic welfare. In contrast to pears, apple
production is distributed throughout the US and this signifies the importance of
developing a regionalized model to better study the local and regional shocks such as
outbreaks and the impacts of an international trade sanction. Cassey et al., (2016)
formulated an EDM to examine the economic impacts of a pre-harvest labour shortage
on a number of post-harvest elements including employment and wages in the post-
harvest labour market, and downstream commaodity output markets of the US apple and

pear industries.

As it can be learned from the reviewed studies, EDM are most appropriate when the

main objective of the research is focused on examining the effect of various exogenous
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shocks on endogenous variables. However, this is not the focus of the current study —
analysing the relative profitability and performance of the robotic harvesting technology
under various decision factors. Therefore, using EDM will not serve the purpose of the

context of the current research.

This section provided an overview of the most commonly used economic models that
analysed the economic impacts of various perennial fruit crops by taking into account
different variables. However, no studies have addressed the economic feasibility of
adoption of robotic harvesting for fresh market fruit in particular apples, as is the
context of this research. Therefore, the next section provides an overview of the
economic research methods more appropriate for the purpose in the context of the
current research namely net present value (NPV) and real option (RO) analysis.
Advantages and disadvantages of each method is discussed, and which method is
considered most appropriate for the current research.

3.6. Economic analysis of new technology adoptions

In studying the adoption of new technologies, the investment decision in capital assets
such as agricultural technologies, breeding livestock, land, orchards, or buildings
require different analysis approaches that are used to measure the investment in other
operating inputs such as fertilizer, seed, and feed (Olson, 2011; Kay et al., 2016). This is
because the associated returns and expenses occur at different time periods for each
investment type. Investment in capital assets typically means that a large initial expense
and resulting incomes associated with that asset occur over a number of future periods,
whereas costs and incomes associated with investing in operating inputs usually occur

within one production cycle in each period (Olson, 2011; Kay et al., 2016).

Furthermore, in contrast to operating assets, time is important when analysing capital
assets; investment decisions about operating inputs can be changed annually, however
capital assets investment are usually long-lived assets meaning that the investment
decisions are made less frequently and are more difficult to change once an asset is
constructed or purchased (Kay et al., 2016). Therefore, a capital investment analysis
technique is required to evaluate whether an investment is profitable by taking into
consideration multi-year budgeting, discounting of future expenses and incomes to
estimate the present value of those future expenses and incomes, and comparing the net

present value with the initial asset investment cost (Olson, 2011).
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In addition to the profitability of an investment decision, it may be equally important to
know whether the investment is financially feasible, generating sufficient cash flow at
the appropriate time to cover any debt incurred to make the investment (Olson, 2011;
Kay et al., 2016). Thus, the time value of money is an essential consideration
particularly when a project involves cash flows, which extend over many years (Kay et
al., 2016). An investment identified as economically profitable may not be financially
feasible due to periods of negative cash flows (Olson, 2011; Kay et al., 2016). For
example, planting new apple trees may not be considered profitable before trees start
bearing fruit, thus may require outside financing during the development years (Olson,
2011).

The investment decision for robotic harvesting technology will likely be an important
and complex decision considering the multi-dimensionality of the adoption decision for
apple as a perennial crop together with the limitations in commercial development of
the technology for fresh market fruit. Thus, a decision analysis method is needed to
evaluate the multi-attribute nature of the investment decision taking into account

economic, horticulture, and technical limitations involved in the adoption process.

In studying the factors involved in the adoption process of new technologies, the
literature can be grouped into ex ante (evaluating the investment decision before the
adoption decisions are made) and ex post (assessing adoption choices and factors that
affect adoption after the investment decisions are made) (Gallardo and Zilberman,
2018). The current research specifically focuses on ex-ante, because the investment
decision of a robotic harvest technology is evaluated before the adoption decision is
made given the existing limitations in the adoption process.

Some of the most commonly used ex ante methodologies to analyse the investment
adoption decision include net present value (NPV) — assuming that the investment
decision is certain and reversible; or more sophisticated methods such as real options
(RO) — taking into consideration the uncertainty and irreversibility factors of the
adoption decision as well as the risk elements and optimal timing for the adoption
(Gallardo and Zilberman, 2018). The present study expressly focuses upon the most
commonly used methodologies, NPV and internal rate of return (IRR). However, other
similar analytical methods such as benefit cost ratio or payback period will essentially
provide a similar information but from different perspective. The main focus of the

present research is on comparison of robot harvesting with platform or manual, while
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using other similar methods will not change the results, but merely provide more
information. IRR provides more information that is not directly obtainable from NP
method. It is the discount rate at which the future returns on investment to break-even or
set equal to the required capital investment, i.e. NPV becomes zero. IRR greater than
the discount rate warrants the profitability of the investment (Kay et al., 2016).
However, IRR has some limitations. IRR ignores the size of the capital investment. This
is important when a smaller investment with higher IRR may have a small NPV in
absolute dollars when compared to alternative projects. It also assumes that the annual
cash flow can be reinvested each period to return a profit equal to the IRR, however it
may overestimate the actual rate of return if the IRR is very high (Kay et al., 2016).

3.6.1. Net present value versus Real option method

Assessing the net profit of a new technology and comparing it with the current
alternatives is a common approach when an investment decision needs to be made for
the adoption of new technologies (Gallardo and Zilberman, 2018). Net present value has
become the most commonly applied indicator to calculate the costs and benefits of the
investment decision — taking into account the time value of money and the size of net
cash revenue over the life of the investment (Gallardo and Zilberman, 2017; Kay et al.,
2008).

Net present value assumes certainty and reversibility are implicit in the analysis, i.e. it is
possible to reverse the investment and recover the initial costs of the investment, and the
future returns and costs are known with certainty (Tozer, 2009). However, this may not
be true in most cases as even some unrecoverable sunk costs are incurred even with
simple investments (Tozer, 2009). Investments with positive NPVs are considered
worthy to consider and the investment is deemed to be profitable as the net benefits
exceed costs. In other words, the investor can still afford to pay more for the investment
and still get a rate of return equal to the discount rate used in calculating the NPV
(Gallardo and Zilberman, 2017; Kay et al., 2008; Olson 2011).

Net present value has been criticised as only offering decision makers with two choices
—to invest or not to invest; which can affect the decision without taking into
consideration the ability to delay an irreversible and uncertain investment expenditures
(Sporleder and Bailey, 2001). To address the irreversibility and uncertainty in the
decision, RO is an alternative to NPV analysis, which enables a decision maker to take

into account irreversibility, uncertainty, and have the choice to wait to make a decision
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and evaluate the impact of these factors on the profitability of the decision (Tozer,
2009). The option to wait to make a decision provides the investor with the choice to
gather further information to reduce the irreversibility costs and uncertainty level
(Tozer, 2009).

Despite the points made above, however, the use of RO is limited. There are reasons
that RO may not be widely accepted and used in decision making of companies. First,
lack of support from top management as top managers are hesitant to accept a
methodology, they cannot follow step by step. Second, the preference to use proven
methods such as discounted economic value — the NPV, is greatly favoured and applied
in the literature. Third, RO is considered to be more difficult to comprehend thus it
requires top managers to be mathematically more sophisticated with backgrounds in
science and engineering. Fourth, RO can lead to excessive risk taking for decision
makers, i.e. overstating the value of uncertain investments, encouraging decision makers
to over-invest in such investments (Block, 2007). Moreover, there are stigma among
managers to discontinue an investment once the decision is made based on the initial
analysis. Discontinuation of an investment may be unlikely regardless of the approach
applied for the initial investment analysis (the NPV or RO), as managers may have less
interest to discontinue the investment at a later stage as they have been identified with it
(Block, 2007).

Previous research has studied uncertainty and irreversibility aspects of the investment
decision as the main objective using RO as a stand-alone method or an expanded
component to the NPV. Evaluating the uncertainty and irreversibility factors in the
adoption of new agricultural technologies has been a common theme in research such as
the production risk and cost of investment in adoption of a free-stall dairy housing
(Purvis et al., 1995); water markets supply and future prices, expected benefit of the
technology, and investment tax credit in adoption of irrigation technology (Carey and
Zilberman, 2002); future demand, discount rates, irreversibility of entry-exit option, and
operations capacity choice in adoption of remote sensing technologies (Isik et al.,
2003); and project value and funding availability in adoption of methane digester
technology (Stokes et al., 2008; Anderson and Weersink, 2014).

Other researchers such as Engel and Hyde (2003) and Hyde et al. (2003) studied the
impacts of various factors such as the lifetime of the current technology and the useful

life of the new technology on the adoption decision to replace a milking parlor with an
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Automatic Milking System (AMS) by comparing the outcomes from using the NPV and
RO methods in the presence of uncertainty and irreversibility associated with
purchasing an AMS. Tozer (2009) analysed the investment in precision agriculture
taking into account factors affecting the decision such as price and yield variability to
either acquire machinery suitable for performing controlled traffic precision agriculture
or to purchase a conventional system under both certainty and uncertainty using the
NPV and RO techniques, respectively, and compared the returns estimated from an
application of each method. It was concluded that RO is the preferred approach for the
analysis compared to the NPV, taking into account the value of waiting for new
information to reduce the uncertainty of the cashflows generated by the investment
(Tozer, 2009).

None of these studies have considered the economic assessment of adoption of a robotic
harvest technology in perennial crops. Perennial crops such as apples are considered to
be more difficult to model than annual crops due to the dynamic nature of their life
cycles, as it may take several years for a perennial crop like apples to reach full
production (Thiele and Zhang, 1992; Tozer and Marsh, 2018; Devadoss and Luckstead,
2010). Production cycles of perennial crops such as olives or apples are complex with a
delay between initial planting and first yield, followed by a prolonged production
period, then a reduction in production, and finally removal of trees after 20-30 years
(Devadoss and Luckstead, 2010). These production cycles introduce issues related to
the interactions of production in one year to the next as each stage is interconnected and
dependent on the previous events and growing practices, which can impact yield,
quality, and price of apples accordingly (Thiele and Zhang, 1992), which can become

sources of uncertainty in the investment decision.

In addition, the production inputs such as canopies once established cannot be reversed
or used for other purposes, thus may be considered a sunk cost (i.e. irreversible cost).
Therefore, better management of inputs and knowing about the profitability of the
investment decision in the early years of the investment can help growers make better
decisions regarding the production of perennial crops and adoption of harvesting robot
technology (Devadoss and Luckstead, 2010; Tozer and Stokes, 2009; Willis and
Hanlon, 1976). From a technology perspective, the capital investment for a robotic
harvester for apples involves significant up-front costs, and limited possibility to

liquidate the investment capital quickly. This is mainly due to the particular use of the
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technology and the perennial nature of apple production, as it may take several years for
the crop to reach the full production level. Hence, much of investment in the apple
production and the adoption of a robotic harvester once made could be regarded as sunk
costs (Isik, 2006; Thiele and Zhang, 1992; Tozer, 2009; Tozer and Stokes, 2009).

The investment decision of a robotic apple harvester can exhibit a high degree of
uncertainty in variables such as the fruit price, yield, quality of fruit, and the costs to
acquire and maintain the robot, which can affect the profitability of the investment
decision. Moreover, in spite of the applications of RO approach, the objective of the
current study is not to evaluate the input of uncertainty and irreversibility on the

investment decision, but to analyse the economic feasibility of the technology.

Given the previous discussion, the shortcoming of NPV analysis stems from the
improper use of it and it is not necessarily that NPV analysis is an inappropriate method
to use (Block, 2007). The NPV analysis can correctly be used if all options such as
invest, not to invest, or defer are known at the beginning of the investment such that
they all can be assessed (Block, 2007). Furthermore, the NPV approach can be more
valuable in the early years of the investment given the time value of money, whereas the
RO approach is likely to have the greatest value in the later years of the investment,
because flexibility in the investment may be at its most valuable phase and uncertainty
at its highest level (Block, 2007).

As noted earlier, the RO method is constructed based on the NPV, if the rise of
uncertainty and irreversibility is considered probable in the later phase of the investment
(Block, 2007). However, in the current research, the condition of the investment
decision does not meet with the current situation for implementing the decision, i.e. it is
assumed that the investment decision is exercised in absence or controlled framework of
uncertainty and irreversibility factors throughout the investment period such that they
can be evaluated using the NPV approach. In addition, due to the dynamic nature of
apples as a perennial crop, it may be more difficult to model it. Therefore, it requires the
use of a method like NPV to simplify the complex nature of the investment decision by
taking into account the multi-variate nature of apple production in combination with the
limitations discussed earlier in commercial development of a robotic harvest technology

for fresh market apples.
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3.7. Conclusion

This chapter provided an overview of the literatures used in the context of the current
research. The chapter discussed some of the issues around labour important to the apple
industry including labour shortages, costs, and health and safety. The chapter also
gathered and discussed the related literature on the key developments of the robotic
systems in agriculture field specifically horticulture, animal agriculture, and more
importantly tree fruit harvesting. Next, the chapter identified and explained the key
horticultural factors that could affect the adoption of robotic harvesting technology in
apple orchards such as thinning, pruning, tree training, tree population, and tree canopy
systems. Lastly, the chapter provided an overview of the most related economic studies
in tree fruit, taking into consideration the most commonly used methods and existing
gaps that could help to identify the most appropriate analytical method for the current

research.

Based on the reviewed economic studies, given that there are no examples of the
experience and output of commercial orchards adopting the robotic harvester, no
evidence or commercial information about robotic harvester performance and operating
that represents best practice as well as no previous studies assessing the economic
feasibility of the technology coupled with the complexity of apple production, NPV was
selected as the most appropriate analytical method to more clearly evaluate and describe
the variation of types across orchards such as varietal price and yield, and orchard sizes
along with the uncertainty around ownership and operation of the robot. Thus, it can
more easily disentangle the impacts of uncertainty and economics of investment when
presenting the outcomes. Otherwise, it would have not been possible to analyse and
present the outcomes of the analysis if more sophisticated analytical methods such as
RO or other analytical approaches discussed in section 3.5 were used. Note that even
though some of the methods used in the reviewed studies were comprehensive in their
defined scopes, using such sophisticated approaches would make it difficult to
disentangle the impacts of uncertainty and economics of investment in the context of the
current research. This is because of the complex nature of the current research having
variation across orchards such as varietal price and yield, and orchard sizes. As a result,
the key aspect of the model — analysing the relative profitability and performance of the
robotic harvester technology would have been lost when using a more complex

analytical method.
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In addition, considering the advanced and fast trend in developing robotic harvester
systems in agriculture coupled with the uncertainties around availability of labour,
investment in a robotic harvest technology may not be as much of a risk for growers but
an opportunity to better manage their resources and reduce their reliance on harvest
labour. However, there are still elements of uncertainty related to the investment
decision and performance of robot that will be considered in the investment decision.
From the viewpoint of the robot, there are many unknowns or uncertainties with the
technology given it is not a proven technology and is still in commercial trial phase.
Some of the uncertain elements that may affect the investment decision includes
purchase cost and harvesting efficiency and speed of the robot. From the viewpoint of
labour management, it involves coping with labour associated uncertainties such as
labour wages, availability, and efficiency. Therefore, these elements will be taken into
account in the analysis by conducting sensitivity analyses to assess the impacts they can

have on the profitability of the investment decision.
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Chapter 4. Conceptual model

In the context of this research, apple growers are assumed to have choices over using
different harvesting systems — solely relying on manual labour or utilising mechanical
harvesting systems such as platform or robot with the use of pickers. In this chapter, the
conceptual framework for feasibility analysis of these three harvesting systems (manual,
robot, and platform) will be explained. The developed models can be empirically
applied to measure economic feasibility of each harvesting system, using the principle
of NPV, and return prospective of the investment, using IRR of the investment. The
remainder of this chapter will describe the successive stages of this process in detail.
4.1. Yield
In the current model, it is assumed that producers will have orchards planted with
different tree structures and varieties, which can result in different yield levels. Initially,
the biological yield (estimated yield before harvest begins) for variety i in t (BY; ;,
kg/ha) is the product of NT; or the number of fruit bearing trees per hectare for variety i,
NA; , or the number of apples per tree for variety i int, and ga; or the average fruit
weight of variety i in grams:

BY;r = NT; * NA;, * ga; (4.1)
Yield for harvesting system z of variety i in t (Y, ; ., kg/ha) varies depending on whether
fruit are harvested manually or mechanically. Therefore, yield for harvesting system z of
variety i int (Y, ; ., kg/ha) is calculated as:

Yoit =BYit * X (4.2)

Where y, (%) is the harvesting performance of picking fruit, which will be explained in
more detail in section 4.5.1.
4.2. Revenue
Total revenue per hectare for system z of variety i in t (TR, ; ., $/ha) is generated by
apple sales, which are the product of the price of variety i for harvesting system z in t
(P, ¢, $/K0), yield for harvesting system z of variety i in t (Y, ., kg/ha), and salvage

value for each robot or platform harvesting variety i in t, @, ; . ($/machine):

4.3
TRyie = Poiv * Yoo + @piy (4.3)

Conceptually, price will depend on the method of harvest and how much of the
harvested fruit are of export quality; P, ; , consists of two components: export price of

variety i for harvesting system z in t (Pe, ; ., $/kg) and domestic price of variety i for
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harvesting system zint (Pd;; ¢, $/kg). Pe, ;. is determined by the export market,
whereas Pd, ; . indicates apples sold mainly for local market as fresh or processed (juice
or other products such as canned apples). In addition, P, ; , is affected by the packout or
the export recovery rate of variety i for harvesting systemzint (e, ; ., %), i.e. the
percentage of harvested apples that are graded as export quality after being harvested by
system z. Therefore, P, ; . is calculated as the weighted sum of Pe,; , multiplied by €, ; .
and Pd,; . multiplied by the complement of packout rate (1- €,;), where 0 <é,;, < 1.
Thus:

Pyic = (Pegic *€51¢) + (Pdyie) * (1 —€54¢) (4.4)
Salvage value for each robot or platform harvesting variety i in t, @, ; , ($/machine), is
an estimated sales value of a machine that is expected to be received at the end of its
useful life that can be considered as a recovery income for the orchard business
(Edwards, 2015) and is the product of TPC,; . and the salvage rate (¢, %):

Ppit =TPCpie* ¢ (4.5)

4.3. Net revenue of orchard
Initially, R, ($/ha) or net revenue for the entire orchard is the difference between total
revenue and cost in t (TU;, $/ha) and (T K, $/ha), respectively:

R, =TU, — TK, (4.6)
The model assumes that producers will grow different apple varieties, i (where i=1,...,
I) and will have the options of utilising different harvesting systems, which are not
mutually exclusive, z (where z=1,..., Z) in their orchards. Therefore, TU, and TK; are
calculated as the total revenue and cost for system z of variety i int, TR,; ,and TC,; ;,

respectively:

TUt == TRZ,i,t (4.7)
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4.4. Net Present Value
Net present value (NPV) of an investment assumes certainty and reversibility of the
investment decision as implicit, i.e. future costs and returns are known with certainty

and the initial costs of investment are recoverable (Tozer, 2009). Standard NPV (V)
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analysis considers the investment valuable if sum of the discounted net returns from the

investment (R) are greater than the initial recurrent costs of the investment (K):

V=R -K (4.9)
And
= R
V= L K (4.10)
; (1+p)

Where R, ($/ha) is the annual expected net revenue or net cash flows from the investment,
p is the risk-adjusted discount rate or the opportunity costs of the capital, and t is the
number of periods in the future. Note that IRR is calculated using Eq. (4.10), where the
equation is solved for p, and NPV is set equal to zero (Kay et al., 2016). As shown in
Figure 4.1, M is the point of indifference between investing or not investing under

certainty, the investment decision will be triggered when K < M (Tozer, 2009).

V=R/p-K

Figure 4.1. Optimal investment decision (Net Present Value)
Source: Tozer and Stokes (2009)

4.5. Harvesting systems

The economic feasibility of different harvesting systems, z, wherez =1,2,3 (1 =
manual, 2 = robot, and 3 = platform) are explained using the concept of NPV. These
systems are also referred as manual and mechanical harvestings (robot or platform)
throughout the text. Given that robots are still in the developmental stage, platform
harvesting is considered as an alternative solution, commercially available to assist
labour not only with harvesting, but also selected pre-harvest tasks such as training,
pruning, and thinning. Robot and platform models are constructed based on the same
framework; different parameters and assumptions are used for each system, which will

be discussed in this chapter.
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4.5.1. Harvesting performance
Following Eq. (4.2), yield for each system or Y, ; . depends on harvesting performance,
Xz, amongst other factors, which varies for each system given that each system uses
different harvesting tools and technologies. y, accounts for the harvesting efficiency for
system z (HE,, %, 0 < HF, < 1) — the percentage of fruit identified with harvestable
quality and harvested per seconds (Zhang, 2018; Sinnett et al., 2018), with 1 being fully
efficient; and the operation efficiency for system z (OF,, %, 0 < OF, < 1) — things that
interrupt or reduce the normal harvesting operations such as technical failure, refuelling,
turning blocks, or unloading harvested fruit, with 1 being fully efficient. Note that when
harvesting systems are completely efficient i.e. HE,= 1 and OF,= 1, all fruit are
harvested. Therefore, y, is calculated as:
X, = HF, % OF, (4.11)

Manual harvesting
It is assumed that manual harvest has an efficiency of y;, which can result in fruit not
being harvested completely because of time-consuming activities such as moving, or
climbing up or descending ladders (Zhang et al., 2019) coupled with physiological
factors such as fruit not ready for harvest in the limited harvesting window. Otherwise,
early harvested fruit may not be suitable for the fresh market or processing, and more
importantly the shortage of manual labour could exacerbate the situation further — not
having enough manual labour at the right time to perform the time-sensitive harvest
operations and any fruit unharvested is wasted, thus reducing the profitability of the
orchard (Ashton, 2018; Bartlett, 2018; Eddy, 2018; Zhang, 2018). As explained earlier
0 < OF, < 1, however for manual labour, OF; = 1 and it is assumed that any factors
reducing the productivity of manual harvesting are considered in HF;. Following Egs.
(4.2) and (4.11), manual yield for variety i int, Y ; . is calculated as:

Yiie =BYie * 1 (4.12)
Mechanical harvesting
It is assumed that robots harvest with the harvesting efficiency of HF,, defined as the
percentage of apples identified and harvested by robot per tree, which is derived from
harvesting technologies embedded in the robot such as imaging and Acrtificial
Intelligence systems to identify fruit on trees and harvest ones with harvestable quality
(Zhang, 2018); and platform harvesting is performed with an efficiency of HF; or the

percentage of fruit picked by manual pickers on the platform depending on how
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efficient each picker work on platform to locate and remove apples with harvestable
quality — skill levels of individual pickers can slow down the overall picking efficiency
of the picking team. Operation efficiency of robot or platform OFE,, which includes
activities that decrease the working efficiency of robot or platform harvesting in orchard
such as turning, refuelling, and technical failure. Orchard configuration (e.g. shape) and
yield could also play a factor in OF, e.g. orchards with shorter rows and higher volume
of fruit for harvest at one time can result in longer than normal harvesting operation,
requiring machines to turn more blocks and spend more time harvesting fruit in each
block. Therefore, following Egs. (4.2) and (4.11), mechanically harvested yield for
robot or platform of variety i int, Y, ; . is calculated as:

Yt = BY; * HF, x OF, + 17z,i,t (4.13)
Where Y,,; ; (kg/ha) is the equivalent weight or yield of mechanically unharvested fruit
of variety i in t that is assumed will be harvested by pickers, because of factors such as
the efficiency of the harvesting machines, harvesting window (section 4.5.2), and

harvesting speed (section 4.5.3).

4.5.2. Harvesting window of each variety

Considering the multi-varietal nature of the current model, in addition to the economic
and operational aspects of using different harvesting systems, physiological aspects of
apple production in particular harvesting window per variety (HW;, days), among other
factors, can impact the investment decision. HW; refers to a narrow time-sensitive
period in which apples are ready to be harvested based on the maturity parameters such
as size, colour, brix, and quality and does not change regardless of the harvesting
system employed. Note that HW; is defined as an interval time-frame specific to planted
varieties in an orchard. Thus, one or more varieties may have an overlapping harvesting
window, which can affect the harvesting operation. To clarify this, assume three
different varieties (V;,, V;,, and V;,) characterised with different harvesting windows

(HW;,, HW,,, and HW;,) are to be planted in an orchard (Table 4.1). HW; does not

overlap with HW;, or HW;,, however HW;, overlaps with HW; and HW,,.

This intersecting harvesting window will impact on the volume of fruit available to
harvest at one time, and consequently the number of harvesting machines required to
harvest and how they will be allocated across the orchard for each variety to make sure
all fruit are harvested within their specific harvesting window, while the maximum

harvest capacity of systems are met. This will be discussed further in section 4.5.4. As a
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side note, the harvesting periods mentioned in Table 4.1 are only for demonstration
purposes and do not represent the harvesting periods of varieties used in the current
research.

Table 4.1. Harvesting window and period for three apple varieties
in an orchard in New Zealand
Harvesting window per variety (HW;)  Harvesting period

HW;, 16 February - 8 March
HW; 15 March - 7 April
HW; 8 March - 10 April

Source: Created by the author for demonstration purpose.

4.5.3. Harvesting speed
Another component that captures the harvesting operation for each system in addition to
OF, and HF,, is the harvesting speed — how fast each system harvests fruit taking into
account the volume of fruit harvested in respect to the harvesting window and
harvesting hours required.
Manual harvesting
Harvesting speed of a manual labourer per variety (HS, ;) measured in harvested weight
of fruit (kg) within the harvesting window (HW;, days) involves harvesting apples based
on colour and maturity and placing them into a harvesting bag that once full need to be
dropped off to fill large wooden square containers called bins (NZPocketGuide. (n.d.)).
Therefore, HS; ; is the product of MHN,, (bins/hour) or number of bins harvested
manually per hour, g, (kg) or weight of each bin that a manual labourer can harvest on
average within HW;:

HS;; = MHN, * g, * HW; (4.14)
Multiplying MHN,, by g, returns weight (kg) of harvested apples within one day; and
multiplying the result by HW; will return the total weight of manually harvested apples
within the harvesting window.
Robot harvesting
Harvesting speed of a robot per variety, HS, ; measured as the weight of apples
harvested (kg) within HW; (days), takes into account how fast robot harvests in terms of
the number of apples per hour (RHN,, fruit/hour) without any efficiency factors
considered and is assumed to be the same across varieties, RD; (hour) or daylight hours
per variety for robot operation, ga; (grams) or weight of each apple variety, and HW;

(days). Note that HS, ; varies per variety as each variety may be harvested in different
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months of year, which is characterised by different daylight hours given the assumption
that robot can only operate in daylight at its current stage of development. Thus:
HS,; = RHN, * RD; * ga; * HW; (4.15)
Multiplying RHN, by RD; and ga; returns weight (kg) of apples harvested within one
day; and multiplying the result by HW; will return the total weight of apples harvested
within the harvesting window. Important to note, HS, ; is determined by the harvesting
technology embedded in the robot using a combination of precision and automation
technologies such as sensory computer vision and Artificial Intelligence to locate and
remove apples with harvestable quality (Zhang, 2018).
Platform harvesting
Harvesting speed of a platform per variety, HS5 ; is measured as the weight of harvested
apples (kg) within HW; (days) accounting for PHN,, (bins/hour) or the number of bins
harvested by platform (harvesting team) per hour, PD; (hour) or daily working hours for
platform operation per variety, g, or weight of each bin (kg), and HW; (days). Thus:
HS;; = PHN, * PD; * ga; x HW; (4.16)
Multiplying PHN,, by PD; and ga; returns weight (kg) of harvested apples within one
day; and multiplying the result by HW; will return the total weight of apples harvested
within the harvesting window. Note that HSj3 ; is determined by the harvesting speed of
the slowest picker on the machine (the rate of harvesting is as fast as the slowest picker
on the platform).
4.5.4. Number of harvesting units required
Number of harvesting units required per variety int (N, ;) is derived from HS, ;

(kg/machine), Y, ; . (kg/ha), and harvestable orchard area per variety (4;, ha):
Npie =—pc— ' (4.17)

Where N, ; . is applied when an orchard is planted with only one variety. However, as
discussed in section 4.5.2 and illustrated conceptually in Figure 4.2 for an orchard
planted with more than one variety (multi-varietal), where HW; (days) for two planted
varieties (V;, and V;,) does not overlap (HW;, A1 HW,,), then TN, , or total number of
harvesting units required in t are related to the maximum number of units required to
harvest the maximum volume of fruit available at one time per variety in t, Max (N,

and Nz,i3,t)-
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T HW,, ¢ HW;, TN, = Max (N, o, Noy, ¢)

@@@ HW,, N HW, N HW;, || TN, = Max Ny 0, Ny, ) + Ny ¢

Figure 4.2. Harvesting window of three apple varieties and number of
harvesting machines (Source: Created by the author for demonstration purpose)

Therefore, TN, is calculated as:
TNzt = Max (Npi, 60 Npjiy ) (4.18)

Where N, ;. . and N, ;. . are calculated using Eq. (4.17). When a new variety, V;, is
added to the orchard that has an overlapping harvesting window with other planted
varieties (HW;, N HW;, N HW;,), then the maximum number of harvesting systems, for
V;, and V;, as well as the additional number of harvesting systems will have to be
utilised to harvest all varieties. Following Eq. (4.18), TN, is calculated as:

TN, = Max (Nz,il,t'NZ,i3,t) + Nyt (4.19)
Where N, ;, . is calculated using Eq. (4.17). Note that in this orchard with overlapping
HW;, TN, may not be equal to the number of harvesting units required per area, but
with sufficient capacity to harvest all planted varieties. Theoretically, when mechanical
harvesting is utilised, there may be excess harvest capacity for machines, however, in
the multi-varietal orchard, it is assumed that extra number of harvesting machines will
be purchased, enough to harvest all planted varieties. Nevertheless, harvesting machines
may appear to have under-capacity in the first overlap i.e. HW; N HW,,, due to a lower
number of machines required to harvest both varieties and over-capacity in the second
overlap i.e. HW;, N HW,,, where the second may be constraining the harvesting time

period, because the maximum number of machines will have to be utilised to harvest
both varieties. In addition, when mechanical harvesting (robots or platform) is utilised,
it is assumed that machines are purchased in integer quantities, where N, ; , = int
(0,1,2,3,...), such that BY; ; (kg/ha) from Eq. (4.1) has to be greater than or equal to Y, ;
(kg/ha):

A
BY,, > Z Y, (4.20)
z=1
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To assess how N, ; . are structured in orchard, it is assumed that producers will have
harvesting machines of various ages in their orchards, which will harvest fruit in the
current and next production seasons. Therefore, for each variety, number of machines
for variety i int, N, ;. is a function of N,; ., or the number of machines purchased per
variety in the previous year, PN, ; . or the number of machines purchased new per
variety in the current year, and RN, ; . or the number of machines replaced per variety in
the current year due to reaching the end of their useful life (L,, years) resulting from
wear, tear, obsolescence, and age:

Nzit = Ngit-1+ PNyije — RN, ;¢ (4.21)
4.5.5. Number of pickers required
Number of pickers required per variety for robot or platformin t, NM, ; , is derived
from Y, ; . (kg/ha) that is assumed will be harvested by pickers for the orchard area of 4;

(ha) over HS; ; (kg/manual picker):
NM,;, = 22— (4.22)

Where HS, ; is estimated using Eq. (4.14), and Y, ; . (kg/ha) is calculated as:

HSz,i * Nz,i,t

(HSZ,L' *
Yz,i,t

7« B+ F) + (Ai —
_ z,i,t
Z,i,t - A

l

Where the first term of the equation on the left-hand side captures the unharvested yield

* BY; 1 * F‘)

(4.23)

per variety resulted from HE, and OF, of operating robots or platforms, and the second
term captures the unharvested yield for the area that were not covered by machines for
each variety given the assumption that machines are purchased in integer numbers. In
addition, it is assumed that the pickers to pick the unharvested yield due to HE, and OE,
of operating robots or platforms picks unharvested fruit with an efficiency of F and pick
the unharvested fruit from the area not harvested by robot or platform with a picking
efficiency of F~. Note that ¥, ; . varies for robot and platform harvesting systems
depending on how much fruit are unharvested by each machine that will have to be
harvested by pickers.
4.5.6. Cost
Following Eq. (4.8), total cost for system z of variety i int (T'C,; ;, $/ha) is calculated
as:

TC,it = TFCypir + TVCy;, (4.24)
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Where TFC,; . ($/ha) and TV C, ; . ($/ha) are total fixed and variable costs for harvesting
system z of variety i in t, respectively. Introducing robot or platform as an alternative to
manual harvesting changes the cost structure, accordingly, because mechanical
harvesters have a different set of costs compared to the manual harvesting system,
which are explained in this section. In the current research, TFC, ; , includes machine-
related and orchard-related fixed costs. It is assumed that machine-related fixed cost
includes the total purchase cost of harvesting machines required to harvest the orchard
size of variety i int (TPC,; ;, $/ha), which occurs regardless of machines use. Other
machine-related fixed costs are interest (5C, ; ., as a proxy for the opportunity cost of
the capital), and insurance and housing (zC,; .), which are incurred whether machines
operate or not. Orchard-related costs include orchard establishment and maintenance
costs, classified as pre-harvest costs performed by system z int (PHC, ., $/ha). These
are activities required to prepare and maintain the orchard before trees reach production
and are ready for harvest such as tree planting, trellis, irrigation, training, pruning, and
thinning. Note that some of pre-harvest activities such as training, pruning, and thinning
occur after trees have reached bearing age and are performed as part of annual orchard
maintenance. Thus, TFC, ;. is calculated as:
TFCyir = TPCyir+ PCpir + 1Cyip + PHC,, (4.25)
Total annual operating or variable costs for system z of variety i in t (TVC,; ., $/ha) vary
with the amount of machinery and facility use (Edwards, 2015). These costs are
categorised as harvest variable cost for system z of variety i int (HC;; ;, $/ha) and
nonharvest variable or post-harvest cost for system z of variety i int (PHC, ; ;, $/ha) and
will be explained in detail later in this chapter. Thus, TVC, ; . is calculated as:
TVCyir = HCypi¢ + PHC,;, (4.26)
Therefore
TChi¢ =TPCyir + BChir+ 1€y + PHC,. + HC,; + PHC,;, (4.27)

Purchase cost of harvesting machines

When harvesting is performed manually, no harvesting machines (robot or platform)
will be required, thus no costs will be incurred from purchasing and operating
harvesting machines, i.e. TPCy ;¢ = 0. When mechanical harvesting is utilised, from an
investment decision-making perspective, it is necessary to know the total purchase cost

for robots or platforms as it would provide an initial piece of the investment decision.

84



Total purchase cost of robots or platforms per variety int (TPCy; ., $/ha), is a fixed cost
derived from number of robots or platforms purchased new per variety in t, PN, ; ;, and
price for each machine (PC,, $/machine), spread over the whole orchard area per variety

(A4;, ha) in the budget. Thus:

PC, * PN,
TPCZ,i,t — ( Z A Z,l,t)
2

Following the assumption that a platform will be used for harvest as well as selected

(4.28)

pre-harvest tasks (tree training, pruning, and thinning), a platform, with a basic harvest
functionality, does not require any extra components to be used for pre-harvest tasks,
which means the price will not increase (Zhang et al., 2019).

Interest cost

Interest on the capital spent for purchasing robot or platform of variety i int, fC,; .
($/machine) is a cost either as a cash cost when money is borrowed, or an opportunity
cost of capital when machine is bought with saved money (Edwards, 2015). In the
current model, it is assumed that credit of any size can be taken by any farmers or
potential investors at an annual interest rate of r (%), which represents the average
annual effective interest rate of local bank loans to source capitals for an investment.

Thus, BC,; . is calculated as:

TPC,; D,
yANA + Z,L,t ) * T (4.29)

BCyic = ( 2
Where the second term on the right-hand side captures the annual average value of the
machine over its ownership period or its value at mid-life, as the value of the machine
declines over time (Edwards, 2015).
Insurance and housing cost
Insurance and housing cost for robot or platform of variety i in t, 7€, ; , ($/machine)
accounts for the damages to the machine from fire, collision, hail, wind, or theft, and for
any liability coverage (Edwards, 2015) and is the product of the insurance and housing
rate (w, %) and real value of the machine (Gallardo and Brady, 2015):

TChie = (TPCphir — ®yi¢) * @ (4.30)
Pre-harvest costs
In the current model, manual pre-harvest costs in t (PHC ¢, $/ha) are given, thus no
calculations are needed to derive related cost elements. When robot harvest is utilised, it
is assumed that pre-harvest activities are operated manually, and associated costs are

calculated similar to the manual harvest model, thus PHC, . = PHC ;. For platform
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harvesting, given that platforms will also be utilised for selected pre-harvest tasks
including tree training, pruning, and thinning, and the remaining pre-harvest tasks will
be performed manually and calculated similar to the manual harvest model. Therefore,
pre-harvest cost for platform in t, PHC; . ($/ha) is calculated as the sum of the costs
associated with utilising platform for selected pre-harvest tasks in t (SPHC; ¢, $/ha) and
the costs for performing the remaining pre-harvest tasks manually in t (PHC, ;, $/ha):
PHC;, = SPHC;, + PHCy, (4.31)
Where SPHC; . is estimated based on the total operation hours required by platform per
task in t, hz 9 (hour/hectare) where ¥ = 1,2,3 (1 = tree training, 2 = pruning, 3 =
thinning). hs o . for each task is given and assumed it varies across orchard
establishment years and remains constant across varieties. Thus, SPHC5 , is calculated

as.
3
SPHC,, = z ha g0 * oy * W % N, (4.32)
v=1

Where h,, ($/hour) is the hourly labour wage, N; is the number of workers on a
platform, and W (%) accounts for the actual hours of labour — actual labour hours
utilising machines usually exceed field machine, due to factors such as technical failure,
refuelling, turning blocks, lubricating and servicing machines; to take this into account,
h,, is multiplied by W (Edwards, 2015). The remaining pre-harvest tasks are assumed to
be performed manually and estimated similar to the manual harvest model.
Post-harvest costs
Post-harvest costs across harvesting systems and varieties in t (PHC,; ., $/ha) is the
product of Y, ; , (kg/ha) and post-harvest wage (PH,,, $/kg):

PHC,;, =VY,;, * PH, (4.33)
Harvest costs
Harvest cost using manual labour to harvest variety i in t (HCy ; ., $/ha) is the product of
Y; i+ (kg/ha) and the manual labour wage (MH,,, $/kg):

HCy;; = Yy;; * MH,, (4.34)
When robots or platforms are utilised to harvest variety i int (HC,; ., $/ha), harvest
costs include the total machine-related operating or variable costs for variety i in t
(TMVC,,; ., $/ha) and the cost incurred from employing picker to harvest unharvested

variety i by systemzint (MHC,; ;, $/ha):
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HC, ;¢ = Wz,i,t +TMVC,; (4.35)
Where MHC,; , is the product of ¥, ; . (kg/ha) and MH,, ($/kg):
M—HCz,i,t = Yz,i,t * MH,, (4.36)
And TMVC,; . ($/ha) is calculated as the product of total number of machines required
int, TN, ., and machine-related variable or operating costs for system z of variety i in t,
MVC, ;. ($/machine) over 4; (ha):
TNy x MVCy it
A;
Where TN, . is calculated depending on the varietal harvesting window following Egs.

(4.18) and (4.19). MV C,; . includes repair (yC,; ), fuel (¢C,; ), oil and lubrication

TMVC,;, = (4.37)

(6C,,i ), and robot operator or platform labour (oC,; ;) costs for variety i in t. Thus:
MVCyir = vCoie+ 9Cpix + 6Cpc + 0Cs¢ (4.38)
Repair cost
Repair costs for robot or platform of variety i in t, yC,; , ($/machine) account for wear,
tear, accidents, and routine maintenance, which vary with age, use, machine type,
preventive maintenance programs, and other factors (Edwards, 2015). yC, ; ; is the
product of TPC,; . and the repair rate (x, %):
YCzit = TPCyip * K (4.39)
Fuel cost
Fuel cost for robot or platform of variety i int, ¢C,; . ($/machine) is the product of the
fuel price (fp, $/litre), the average fuel consumption of diesel (fc,, litres/hr), and total
operation hours of the machine per variety int (h, ; ¢, hr):
@Coit = fP*fCz* hyiy (4.40)
Where h, ; . is calculated differently for robot and platform, given the assumption that
robot is only utilised for harvest, whereas platform is utilised for harvest as well as
selected pre-harvest tasks, thus total operation hours for each system will vary
accordingly. Each variety is characterised by different harvesting periods and thus
harvested in different months of the year, which follows a different monthly daylight
hours accordingly that will determine the daily working hours for robot given the
assumption that robot can only operate in daylight at the current development stage.
Thus, h,; + (hour/machine) or total operation hours required by robot to harvest each
variety in t, is the product of N, ; ¢, RD; or daylight hours that a robot will operate per
variety and HW; (days):
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hyit = RD; x HW; * Ny ; ¢ (4.41)
And h3 ; . (hour/machine) is the sum of the total operation hours that a platform will be
utilised for harvest and selected pre-harvest tasks. In the current research, total hours
required for pre-harvest and harvest operations by platform are calculated based on
different measurements — pre-harvest operation hours per task are estimated based on
hour per hectare, whereas harvest operation hours are measured as the number of hours
platforms operated in orchard, which changes based on orchard area and variety. It is
assumed that total pre-harvest operation hours required will remain the same across

varieties. Thus, hs ;. is calculated as:

3
Paie = ) hage s g+ (PDyx HW  Nyy) (4.42)
v=1

The first term of the equations on the right-hand side captures the total harvest operation
hours by taking into account the number of platform harvesters required for variety i in
t, N3 ;. (using Egs. (4.17) and (4.21)), HW; (days), and PD; or daily working hours; and
the second term captures the total operation hours required for selected pre-harvest tasks
int, hs g, (9=1,2,3) based on A;, which are given in the current model.
Oil and lubrication costs
Oil and lubrication costs for robot or platform of variety i in t, §C, ;. ($/machine) is
estimated as a percentage (q) of fuel cost for machines, ¢C,; . (Edwards, 2015):
6Csit = @Chic*q (4.43)
Labour costs
The labour cost associated with utilising each machine varies between robot and
platform. It is assumed that robot is operated in orchard by an operator, which is a
variable-harvest cost and varies based on the total operation hours of the robot. Thus,
robot operator cost per variety int, oC, ; . ($/machine) is the product of the robot’s
operator wage (R, $/hour) and h, ; , (hr/machines):
0Csit = Ry xWxhy;t (4.44)
Platforms are used by pickers working on them to perform pre-harvest and harvest
operations, calculated as the labour cost per variety in t, oCs ; ¢ ($/machine):
0Csit = hy *Wxhz x N, (4.49)
Multiplying R,, and h,, by W return the actual hourly wage of a robot operator and
platform labour, respectively, accounting for the actual working hours, as explained for
Eqg. (4.32).
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4.6. Conclusion

This chapter developed a conceptual model to examine the investment decision in the
robotic harvest technology as well as other alternatives including platform and manual
harvesting systems - taking into account various elements important in the investment
decision such as varietal characteristics e.g. harvesting window, fruit weight, fruit value,

and yield, and the purchase and operating costs of the robot.
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Chapter 5. Empirical model

This chapter provides a description of the application and data required to extend the
conceptual framework developed in chapter 4 to an empirical model to investigate the
decision of investing in the robotic harvest technology compared to manual and
platform harvesting systems. The decision is examined taking into consideration key
factors such as orchard type (single-, bi-, and multi-varietal), size, tree structure, and

apple variety.

5.1. Varietal data

This section explains the varietal data, which have been used in the model. Varieties
used are Envy, Jazz, and Royal Gala. The data includes price, packout rate, and yield.
Three apple varieties were the minimum to justify the model and show that the concept
is generalisable to orchards with more than three varieties. Two premium apple varieties
(i.e. Envy and Jazz) (usapple, 2018; Jazzapple, 2018; T&G, 2020) and one that accounts
for 26% of total national planted area (i.e. Royal Gala) (NZAPI, 2018 & 2019) were
selected to represent the apples grown in New Zealand and cover the harvesting
window, which makes the model generalisable and the concept testable, but any number
of apples could be considered in the model with different values and yields. It is also
assumed that the orchard is constructed with a 2-dimensional tree structure suitable for
harvesting either manually, robotically, or by platform (Chumko, 2019; Wiltshire,
2019a).

5.1.1. Price, packout rate, and yield per variety

As shown in Eq. (4.4), P; ($/kg) or price of variety i wherei=1,2,3 (1 =Envy, 2=
Jazz, 3 = Royal Gala) ($/kg) is measured as the weighted sum price of apples in the
export, Pe; ($/kg) and domestic markets, Pd; ($/kg) and the packout or recovery rates,
€; (%) of apples going into each of the two markets. Data on Pe;, Pd;, and &; were
derived from the Orchard Monitoring Report for Hawke’s Bay (2011-2018) (MPI, 2012
and 2018). The weighted sum of P; and &; was calculated from the historical price and
packout rate data in that report. Prices are adjusted for inflation using the Reserve Bank
of New Zealand Consumer Price Index (RBNZ, 2019). Summary data for P; and €; for
the apple varieties included in the model that are grown in the Hawke’s Bay region are

listed in Table 5.1.
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Table 5.1. Estimated export and domestic real prices, export packout rates, and
average weight for three apple varieties included in the model

Variety Pe;, Export Pd;, Domestic  &;, Export packout  Weight (grams)
price ($/kg) price ($/kg) rate (%)

Envy $2.35 $0.04 75 260

Jazz $1.56 $0.08 80 226

Royal Gala $1.53 $0.21 80 181

Sources: Orchard Monitoring Report for Hawke’s Bay (2011-2018) (MPI, 2012 and 2018); Fern Ridge Fresh NZ
Packing guide (2016)

As was shown in Eq. (4.1), biological yield, BY, ; , (kg/ha), is the product of NT;,
number of trees per hectare, NA; ., number of apples per tree, and ga;, average fruit
weight per apple (grams). As shown in Table 5.2, NA; , varies per variety and
production year depending on the variety. It is assumed that trees start bearing fruit
from year three after orchard establishment and will reach full production in year six.
Note that NA; . from year three to six is an estimate based on the full production levels
from the apple orchards of T&G Global Ltd. in Hawke’s Bay (McKay. L., personal
communication, 2018) and do not represent the actual figures across orchards in
Hawke’s Bay. In terms of NT;, it is assumed that newly established orchards are
structured in 2D with 2,400 trees per hectare (Table 5.2) (Harding, 2018; McKay and
Rogers, 2018). Average fruit weight per apple, ga; for the apple varieties included in
the model are shown in Table 5.2 (Fern Ridge Fresh, 2016).

Table 5.2. Number of trees per ha and fruit per tree for three apple varieties
included in the model in 2D tree structure

Fruit per tree

Variety Trees per ha Year3  Year4 Year5 Year 6
(full production)
Envy 2400 45 80 120 170
Jazz 2400 60 120 180 245
Royal Gala 2400 70 135 205 280

Source: Apple orchard of T&G Global Ltd. in Hawke’s Bay (McKay. L., personal communication, 2018).

5.1.2. Harvesting period, harvesting window, and daylight hours

As each variety is harvested in different months of the year, daylight hours from dawn
until dark vary for each month accordingly. This can affect the harvesting operation
hours for robot harvesting given the assumption that the robot at the current stage of
development can only operate in daylight. Table 5.3 shows the information for the
varieties included in the model.
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Table 5.3. Harvesting period, harvesting window, and average daylight hours
during harvesting period for three apple varieties included in the model

Variety Harvesting period Harvesting Assumed Average
window harvesting  daylight hours
(days) window (hr/day)

(days)
Royal Gala 20 February - 30 March 16 - 18 18 13.00
Jazz 10 March - 10 April 18-21 18 11.40
Envy 1 April - May 1 18-21 18 10.30

Source: McKay. L (2019, personal communication) and calculated data from timeanddate.com.

Note that these dates do not represent the exact dates across orchards in Hawke’s Bay or
even New Zealand. For the simplicity of calculations, it is assumed that all varieties
have a harvesting window of 18 days. Average daylight hours for the Hawke’s Bay
region from February to May were derived from the Hawke’s Bay daylight database
(Time and Date, 2019) and are shown in Table 5.3.

Harvesting period refers to an extended period throughout the growing season that a
crop becomes available for harvest (Alder, 2019). Harvesting window per variety, HW;
(days) is the period in which apples are considered ready to be harvested based on the
maturity parameters such as size, colour, and brix that varies across varieties (Blanpied
and Silsby, 1992). Harvesting window, HW; and harvesting period for the varieties
included in the model are shown in Table 5.3. From the table, it is possible to see that
harvesting period and harvesting window vary for each variety. Planting these varieties
together in an orchard can extend the harvesting period from February for Royal Gala to
May for Envy. Therefore, there could be overlapping harvesting periods and harvesting
windows across these varieties (Table 5.3).

5.2. Harvesting system data

5.2.1. Harvesting performance per harvesting window

As was shown in Eq. (4.11), harvesting performance consists of harvesting efficiency,
HE, and operation efficiency, OF, rates (%) for each system. Harvesting performance
can affect harvested yield, Y, ; ., the number of pickers required for mechanical
harvesting systems, NM, ; ,, and consequently the revenue of the orchard, TR, ; ; ($/ha).
Manual harvesting

As shown in Eq. (4.12), manual yield, Y; ; . (kg/ha) is dependent on HF; or the
percentage of apples that can be harvested by each picker. The data for HF; was

unavailable, thus an estimated harvesting efficiency for a robotic harvester was used as
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a reference, i.e. 80% (Zhang, 2018) and adjusted by 10% given the assumption that
manual labour harvests more efficiently than a robot at its current stage of development.
Therefore, a manual picker can harvest with an efficiency of 90%, which also takes into
consideration the operational factors in the orchard such as moving, or climbing up or
descending ladders (Zhang et al., 2019) that can reduce the harvesting efficiency of
manual labour. In addition, this rate accounts for the second pick given that not all fruit
may be ready to be picked in the first pick.

Robot harvesting

Following Eq. (4.13), it is assumed that a robot harvests with an efficiency, HF,, of
80%. This is derived from the harvesting technology embedded in the robot such as
imaging and Artificial Intelligence systems (Zhang, 2018). Due to the novelty of robot,
data for its operation efficiency, OF, was unavailable, thus that of a similar harvesting
technology i.e. platform, 12%, was instead used (Gallardo and Zilberman, 2016). It
includes factors that decrease the harvesting efficiency of a robot in orchard such as
turning, refuelling, technical failure, or shape, length, and slope of the orchard.

Platform harvesting

The assumed platform utilised in the model is a self-propelled single-level model that
allows four people to work on it. As was shown in Eq. (4.13), harvesting efficiency for
a platform, HF;, is determined by the skill level of each picker on platform i.e. beginner
or experienced, which can affect the overall harvesting efficiency of the picking team. It
is assumed that utilising platforms increases the manual harvesting efficiency (Zhang
and Heinemann, 2017). Thus, the harvesting efficiency of a manual picker was used as a
reference and adjusted up by 5% to reflect the improvement attained in harvesting
efficiency from utilising a platform. Therefore, a platform picker can harvest with an
efficiency of 95%. In addition, it is assumed that operating a platform presents a similar
set of operational limitations to those of robot harvesting. Thus, an operational
efficiency (OF; ) of 12% is used for a platform (Gallardo and Zilberman, 2016).

Pickers complementing robots and platforms

When platform or robot harvesting system is utilised, there are two types of unharvested
fruit: one from the remaining area due to purchasing machines in integer values and the
other being remaining fruit due to harvesting inefficiency of machines. It is assumed
that the pickers used to pick unharvested fruit left over by robots from remaining area
picks with the efficiency of 90% compared with the lower efficiency of 85% for pickers

to pick unharvested fruit left over by robots. Pickers pick unharvested area faster
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because trees are full with fruit thus, pickers can more easily find and pick them,
whereas in the case of unharvested fruit, there are fewer fruit on tree comparatively and
fruits are not spread consistently in all trees, thus it requires pickers to search all over
tree and climb and descend the ladders more often to pick more fruit, which can make
the picking process take longer and reducing their efficiency.

5.2.2. Harvesting speed

Another component in the harvesting operation is captured by the harvesting speed,
HS,; (kg/days), which varies across harvesting systems.

Manual harvesting

Following Eq. (4.14), manual harvesting speed, HS; ; (kg/days) is a function of the
number of bins harvested per day (M HN,,, bins/hour), weight of each bin (g,, kg), and
the harvesting window (HW;, days). It is assumed that an average picker, can harvest
five bins per eight hours of daily work (McKay, 2019; personal communication) and
each bin weights 400 kg (Palmer, 2008). As explained in section 5.1.2, for the
simplicity of calculations, HW; is assumed to be a constant 18 days across varieties. The
hours of work are based on the availability of harvesting work, up to 40 hours per week
and between eight to ten hours per day, with work over no more than six days per week,
Monday to Sunday inclusive. The spread of hours can be changed by agreement
between an employer and labourers (HortNZ, 2019; GA, n.d.). In the model, labour is
considered as FTE, which is working up to 40 hours per week but in theory one labour
unit can work more than 40 hours as long as are agreed with employers and paid with
the right wage. Therefore, the number of workers maybe different to the number of
FTEs.

Robot harvesting

As was shown in Eq. (4.15), harvesting speed of a robot per variety, HS, ; (kg/days) is
measured in terms of the number of apples harvested per hour (RHN,, fruit/hour),
taking into consideration the weight of each apple, ga; (grams), robot working hours
per day, RD; (hours/day), and HW;. It is assumed that a robot can harvest one apple per
second or 3,600 apples per hour (Zhang, 2018), and GA; is shown in Table 5.3. Robot
working hours, RD; is shown as the average daylight hours in Table 5.3 for each variety,
which is the maximum daily working hours for a robot, given the assumption that robot

can only operate in daylight.
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Platform harvesting

Following Eq. (4.16), platform harvesting speed per variety, HS3 ; (kg/days) is
measured based on how fast the platform (harvesting team) picks in terms of the
number of bins filled within the designated picking window. As noted in section 5.2.1,
platforms are assumed to increase the overall harvesting efficiency of pickers and
number of bins harvested per day compared to manual harvesting (Zhang et. al., 2019).
It is assumed that each platform can accommodate four workers (Sinnett et al., 2018)
and a manual picker on a platform on average can fill six bins per day and work an
average of eight hours per day (Sinnett et al., 2018), which equates to 24 bins per day or
9,600 kg/day per platform. Similar to manual harvesting, operation hours required to
finish harvesting by platform could follow the agreed working hours of workers and the
employers to finish the work. It is assumed that harvesting team on the platform work

on average up to 40 hours per week (HortNZ, 2019; GA, n.d.).

Furthermore, following the assumption of utilising platforms to perform selected pre-
harvest tasks, limited information is reported on the pre-harvest performance of a
platform. In terms of the orchard area coverage, based on the reported data by Sinnett et
al., 2018, it is assumed that one platform with four workers working can cover up to 24
ha of orchard to perform selected pre-harvest tasks (training, thinning, and pruning). In
terms of the operation hours required to perform each of the selected pre-harvest tasks,
the data reported in the work of Robinson et al. (2013) were derived and adjusted for the
context of the current research. Table 5.4 summarises this information. Note that these
operation hours do not represent the exact number of operation hours required and may
vary based on working team and orchard as it could also follow the agreed working
hours of workers and the employers to finish the work. It is assumed that pre-harvest
and harvest activities are performed in different months of the year, platforms are
utilised during the non-harvest months to maintain trees for the next production season.

Table 5.4. Platform operation hours per ha required for pre-harvest tasks per year
Production year  Pruning and tree training  Thinning

1-2 90 0
3-5 90 64
6-25 100 72

Source: Adapted from Robinson et al. (2013).

5.2.3. Number of harvesting units
Following the discussions in sections 4.5.2. and 4.5.4, and as shown in Table 5.3, it is

assumed that the harvesting period and harvesting windows of the studied varieties in
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the current research overlap, i = 1,2,3 (HW; N HW, N HW5), meaning that if the
orchard is planted with only one of these varieties (single-varietal orchard), the number
of harvesting units required, N, ; ;, is calculated using Eq. (4.17) and will not be
purchased in excess capacity. However, when these varieties are planted together as a
bi-varietal orchard and multi-varietal orchard, given the overlapping harvesting
windows, the total number of harvesting units, TN, , is calculated using Egs. (4.18) and
(4.19), respectively, where TN, . are purchased to ensure all fruit of all varieties will be
harvested within their specific harvesting window.

5.2.4. Useful life of harvesting machines

Platforms are assumed to have a useful life of ten years (Sinnett et al., 2018). As robots
are still in commercial trial phase, there is no information available on their useful life.
Therefore, the useful life of an Automatic Milking System (AMS) (Hyde et al., 2003), a
precision agriculture system (Tozer, 2009), and a platform (Sinnett et al., 2018) were
used and adjusted for robots accordingly. It was therefore assumed robots have a useful
life of six years.

5.3. Discount rate, investment period, and salvage value

Discount or interest rate is used to take into consideration the opportunity cost of capital
or the time value of money. It represents the cost of capital used to finance the
investment and accounts for the risk of the investment to determine whether an
investment is financially feasible (Feuz and Larsen, 2020; German, 2015; Kay et al.,
2016). In the context of the current research, only one discount rate is considered to
mainly evaluate the costs of capital used for the investment in robots or platform
harvesting system, as the single capital investment, but if growers would consider
investing in something entirely different in addition to robots or platforms in their
orchards, then a second discount rate could be considered. It would help to better realise
the time value of capital investment in a mechanical harvester by being able to

benchmark it against other prospective investment options outside of the orchard.

Depending on how orchardists source the capital to finance the investment, discount
rate is determined accordingly. This could be from debt, equity, or both (Kay et al.,
2016; Moss, 2013). If growers borrowed the capital from a bank i.e. debt, to purchase
the robot or platform, the borrowing rate (interest rate) will determine the discount rate.
However, if apple orchardists used their own capital i.e. equity, the discount rate would

be determined by the opportunity cost of the capital that could be invested elsewhere in
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the orchard business. If it is from a combination of equity and debt, then the weighted
average cost of capital (WACC) is used to determine the discount rate (Feuz and
Larsen, 2020; Kay et al., 2016; Moss, 2013; Zhang and Heinemann, 2017).

A fixed real interest rate of 5% was considered for all analyses that is assumed to
remain the same for the entire length of the investment and at the time of conducting
this study was consistent with the real pre-tax discount rate from New Zealand Treasury
(NZ Treasury, 2020). The real interest rate is adjusted by subtracting the expected
inflation rate to reflect the real cost of investing capital in farm machinery, whereas
nominal interest rate refers to the rate before taking into account inflation rate (Edwards,
2015).

The orchard investment period was assumed to be 25 years, as the expected age of an
orchard planted with dwarf or semi-dwarf trees, before being removed (Barden and
Neilsen, 2003; Tustin, 1998; Webster and Wertheim, 2003). Harvesting robot, platform,
and equipment and building infrastructure were depreciated over 6, 10, and 25 year,

respectively.

As mentioned in Eq. (4.5), ®,;.($/machine), accounts for the salvage value or the
expected sales value of machines to be received at the end of useful life. Salvage rate
(¢) is used to calculate @, ; .; ¢ for AMS (Hyde et al., 2003) and platforms (Zhang et.
al., 2019) were used as reference and adjusted for robot and platform in the context of
the current research, ¢ = 5%.

5.4. Cost data

5.4.1. Pre-harvest cost

In the current research, it is assumed that pre-harvest tasks are completely performed
manually when manual and robot harvesting systems are utilised. When platform
harvesting system is utilised, it is assumed that selected pre-harvest tasks (tree training,
pruning, and thinning) are performed by platform, and the remaining tasks are
performed manually, and related costs are calculated separately for each.

Manual and robot

The estimated data for pre-harvest costs ($/ha) performed manually are derived from the
Orchard Block Information in Hawke’s Bay of T&G Global Ltd. (McKay. L., personal
communication, 2018) and the Orchard Monitoring Report of the New Zealand Ministry

for Primary Industries (MPI, 2018). The data are adjusted for inflation as for apple
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prices. This data is used to calculate the pre-harvest costs for manual and robot
harvestings, which include ground preparation, trees purchasing and planting, training,
pruning, thinning, pollination, canopy structures (trellis), irrigation system, wind
machines, fertiliser, weed and pest control, and machinery repair and maintenance.
Platform

When platform harvesting is utilised, pre-harvest costs consist of costs related to the
manually performed tasks based on the data from the Orchard Block Information in
Hawke’s Bay of T&G Global Ltd. (McKay. L., personal communication, 2018) and the
Orchard Monitoring Report of the New Zealand Ministry for Primary Industries (MPI,
2018); and costs incurred from utilising platform for selected pre-harvest tasks (tree
training, pruning, and thinning) calculated using Eq. (4.31) and the data in Table 5.4. It
is assumed that labourers in Hawke’s Bay are paid an hourly wage (h,,) of $27.60 per
person to perform these pre-harvesting tasks (Wiltshire, 2019b). Note that these wage
rates account for the actual hours of labour that exceed field machine time by 10 to
20%, due to turning blocks, technical failure, lubrication, or refuelling. This is taken
into consideration by multiplying the default hourly wage rate by ¥ = 1.2 (Edwards,
2015).

5.4.2. Harvest costs

With manual harvesting system, it is assumed that the harvest operation is performed
manually using ladders with no mechanical harvesters involved. Therefore, related
harvest costs are calculated differently compared to those of mechanical harvesting
including costs incurred from purchasing and operating machines.

Manual harvesting

When fruit are harvested manually, harvest costs are calculated using Eq. (4.34), where
the manual labour wage (MH,,, $/kg) is $0.12 per kilogram, derived from the Orchard
Monitoring Report of the New Zealand Ministry for Primary Industries (MPI, 2018) and
adjusted for inflation. It is assumed the wage rate includes penalty rates.

Mechanical harvesting

As shown in Eq. (4.35), mechanical harvesting costs include the costs associated with
harvesting fruit with machines and pickers. Costs associated with mechanical harvesting
include the ownership and operating costs of machines. Pickers costs is calculated using
Eq. (4.36).
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5.4.3. Purchase cost of machine

Purchase or ownership cost of machines is a fixed cost and calculated using Eq. (4.28).
When fruit are harvested manually no costs will be incurred for machines. Hence, the
ownership costs of robot and platform harvesting are only discussed when fruit are
harvested mechanically.

Robot

Given that apple-harvesting robots are still in commercial trial stage, data on their
purchase costs are unavailable. To address the lack of this data, price of an AMS,
$150,000 (Hyde et al., 2003) and different types of platform harvesting systems,
$70,000 to $180,000 (Sinnett et al., 2018; Zhang et al., 2019; Zhang and Heinemann,
2017) were used as reference and adjusted to calculate the base price for a robotic
harvester, $500,000. In the absence of real data this may be considered a conservative
high value for robot. This value accounts for more hydraulic and mechanical
components there are built into the robot compared to AMS and platforms, cost of
shedding space, and unforeseen maintenance costs. However breakeven prices for
robots for three varieties across orchard sizes are calculated to test the feasible range of
prices.

Platform

A range of purchase prices (i.e. $70,000 to $180,000) are reported in the works of
Sinnett et al (2018), Zhang et al. (2019), and Zhang and Heinemann (2017). These
prices were used as reference and adjusted accordingly. Therefore, the price of a
platform was assumed to be $120,000. In addition, it was further assumed this cost will
not increase if platform is used for pre-harvest tasks because it will not require any extra
components to perform these tasks (Zhang et al., 2019).

5.4.4. Other machine-related fixed costs

Other machine-related fixed costs are interest (8C, ; ;), and insurance and housing
(zCy,i¢), which are incurred whether machines operate or not. Note that in the current
research it is assumed that aC,; ., BC,; ¢, and 7C; ; , are tax deductible.

Interest cost

Interest (5C, ; ¢, $/machines) is calculated following Eq. (4.29) using a real interest rate

(r) of 5%, as noted in section 5.3.
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Insurance and housing cost
Insurance (tC,; ., $/machines) is calculated as shown in Eq. (4.30), the insurance rates
(w) for a platform and a robot were assumed to be 1% (Sinnett et al., 2018) of the

depreciated value of each machine over its ownership period.

5.4.5. Operating costs of machines

Following Eq. (4.38), machine-related variable or operating cost, MV C, ; ; ($/ha)
includes repair (yC;;¢), fuel (¢C,; ), oil and lubrication (6C,; ), and robot operator or
platform labour (oC,; ) costs for variety i in t.

Repair cost

Repair cost (yC, ; ;, $/machine) is calculated following Eq. (4.39), which is predicated
on the repair rate, x, and machine costs. It is assumed that platforms have x = 1%
(Sinnett et al., 2018; Gallardo and Brady, 2015; Zhang et al., 2019). However, the data
for x was unavailable for robots, thus, the data for a platform was instead used and
adjusted for a robot such that x = 3%. The increase is due to the robot having more
mechanical and hydraulic components built in, which may require repair and
maintenance at a higher rate compared to a platform.

Fuel and Oil and lubrication costs

As shown in Eq. (4.40), fuel costs (¢C,; ., $/machine) is the product of the fuel price of
diesel (fp, $/litre), the average fuel consumption of diesel (fc,, litres/hr), and total
operation hours of the machine per variety int (h, ; ¢, hr). In the model, fp of $1.30/litre
for robot and platform is assumed (Globalpetrolprice, 2020) and fc5 for platform is
assumed to be one litre per hour (Sinnett et al., 2018; Gallardo and Brady, 2015). Data
for fc, of robot was unavailable, thus information for a platform (Sinnett et al., 2018)
was used as reference and adjusted for robot such that fc, = 4 litres per hour. This is
considered based on the assumption that robot could weigh more with more mechanical
and moving components built into it, thus consumes more fuel to move and operate

compared to a platform.

The operation hours are calculated differently for robots and platforms. Given a robot is
only utilised for harvest, and a platform is used for harvest as well as the selected pre-
harvest tasks, thus total operation hours for each system will vary accordingly. For a
robot, h, ;. is calculated using Eq. (4.41), where operation hours is changed according
to the daylight hours for each variety given each variety is harvested in different months
of the year specified by different daylight hours, as presented in Table 5.3. For
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platforms, hs ;. is calculated using Eq. (4.42), as the platform is used to perform harvest
and selected pre-harvest tasks. Following Eq. (4.43), oil and lubrication costs for robot
or platform, 6C,; ; ($/machine) is calculated as 15% of ¢C,; . (Edwards, 2015).

Robot operator and platform labour cost

Labour costs associated with utilising each machine varies between robots and
platforms. Robot operator cost (oC, ; ¢, $/machine) is the product of the robot’s operator
wage (R,,, $/hour) and h,; ; (hr/machine) following Eq. (4.44). Data for R,,was
unavailable, thus the hourly wage for a skilled tractor operator of $36 per hour was used
instead (PayScale, 2020). Platform labour cost (oC3; ., $/machine) is the cost for labour
team (four workers, Sinnett et al., 2018) working on a platform to perform harvest
operation with an hourly wage (h,,) of $27.60 per person (Wiltshire, 2019b) and
calculated using Eq. (4.45). Note that R, and h,, account for the actual hours of labour
as explained in section 5.4.1, multiplying the default hourly wage rate by ¥ = 1.2
(Edwards, 2015).

5.4.6. Post-harvest cost

As shown in Eq. (4.33), post-harvest cost for each system is the product of yield (kg/ha)
for each system and manual post-harvest costs ($/kg). It is assumed that the post-harvest
operations are performed at a cost of $0.42 per kg, which includes packing, packaging,
cool storage (incl. freight from cool store to port), freight (orchard to packhouse), and
levies & compliance. The required data were derived from the Orchard Monitoring Report
for Hawke’s Bay (2011-2018) (MPI, 2012 and 2018) and adjusted for inflation.

5.5. Factors included in system scenarios

There are different factors that can affect the investment decision including the choice
of harvesting system (manual, robot, or platform), orchard type and size (single-, bi-,
and multi-varietal), canopy structure, and apple variety. These factors are examined
under different system scenarios as summarised in Table 5.5. The first set of scenarios
(i.e. single-, bi-, and multi-varietal orchard models) examine the profitability of newly
established orchard with 2D tree structure in terms of the number of harvesting
machines (robots or platforms) required with respect to the orchard type, orchard size,
and apple variety. The second set of scenarios (i.e. orchard system transition model)
considers replacing an orchard planted with an older variety structured in 3D canopy
with a premium variety in a 2D canopy structure to make it possible to utilise platforms

as an available alternative until robots become commercially available.
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Table 5.5. Summary of factors used in the system scenarios

Scenarios Details

Harvesting system Manual, number of robots/platforms purchased
in different production year

Orchard size 9,10, 15, 20, 30, 40, 50, 100, 200

Orchard type Single-, bi-, and multi-varietal

Variety Envy, Jazz, Royal Gala, Braeburn

5.5.1. Harvesting system scenarios for single-varietal orchard

For a single-varietal orchard (i.e. orchard planted with only one variety in 2D structure),
the number of robots or platforms required is calculated using Eq. (4.17). It is assumed
that machines are purchased in integer numbers with no excess capacity allowed. The
base models for manual, robot, and platform harvesting systems are constructed for a
single-varietal orchard. Seven orchard sizes were tested; 10, 20, 30, 40, 50, 100, and
200 ha for each of the three varieties (1 = Envy, 2 = Jazz, 3 = Royal Gala). These seven
orchard sizes were selected to examine whether there is a scale effect as orchard size

increases per variety for each harvesting system.

It is assumed that platforms are purchased from year one of the orchard establishment
that platforms are utilised for selected pre-harvest tasks in additional to harvesting
starting from year three of orchard establishment. In addition, machines are purchased

in integer values.

5.5.2. Harvesting system scenarios for bi- and multi-varietal orchards

The bi- and multi-varietal orchards (i.e. orchards planted with more than one variety and
structured in 2D), are designed to analyse how different varietal mixes could affect the
investment decision utilising robot or platform harvesting. To simplify the analysis,
orchards planted with two varieties i = 2,3 are grouped as bi-varietal orchard, and those
planted with three varieties, i = 1,2,3 as multi-varietal. Each orchard type is allocated
with equal sizes of 9 or 15 ha, which are the representative orchard sizes in the Hawke’s
Bay region of New Zealand (NZAPI, 2018).

Note that Jazz and Royal Gala are selected as the planted varieties in a bi-varietal
orchard to test whether having these two varieties planted together in an orchard may be
profitable for robot and platform harvesting. This is performed following the results
from the preliminary analysis for these two varieties in single-varietal orchards,
returning very little profit for robot harvesting and relatively lower profit compared to

Envy when harvested with platform.
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As shown in Table 5.6 and Table 5.7, the number of scenarios for two orchard sizes (9
and 15 ha) across bi- and multi-varietal orchards are defined based on the number of
machines purchased at different intervals to harvest all fruit within the harvesting
window and examine the impact on the profitability of orchard. The platform and robot
harvesting models are constructed based on a similar framework. However, for
platforms, TN; , includes the number of platforms purchased in the first year to perform
pre-harvest tasks to save labour compared to if these tasks were going to be performed
conventionally using ladders.

Table 5.6. Scenarios to be simulated for robot harvesting bi- (RB) and multi-
(RM) varietal orchards

Production  yearl

and purchased

Scenario Harvesting Orchard type number_ of Qrchard
system harvesting size (ha)

machines

1 2 3 4 5 6
RB000003 Robot Bi-varietal 3 9
RB000012 Robot Bi-varietal 1 2 9
RB000120 Robot Bi-varietal 1 2 9
RB000111 Robot Bi-varietal 1 1 1 9
RB000005 Robot Bi-varietal 5 15
RB000014 Robot Bi-varietal 1 4 15
RB000140 Robot Bi-varietal 1 4 15
RB000113 Robot Bi-varietal 1 1 3 15
RB001112 Robot Bi-varietal 1 1 1 2 15
RMO000002 Robot Multi-varietal 2 9
RM000011 Robot Multi-varietal 1 1 9
RMO000110 Robot Multi-varietal 1 1 9
RMO000003 Robot Multi-varietal 3 15
RMO000012 Robot Multi-varietal 1 2 15
RM000120 Robot Multi-varietal 1 2 15
RMO000111 Robot Multi-varietal 1 1 1 15

Production begins from year three and full production is reached in year six. Platform purchases begin
from year one.

Note that even though solving labour shortages is the premise of the current research,
the focus is mainly on harvesting rather than pre-harvest operation. Using platforms for
pre-harvest task can free up labour that could be used to perform other tasks on orchard
or even in post-harvest operations. However, they cannot be immediately used for
harvest given the time lapse exists between pre-harvest tasks to prepare and maintain
trees for the next production season and harvesting fruit. Platforms purchased in the first
year will also be utilised for harvesting along with any additional number of platforms
purchased when fruit production begins in year three. In addition, the harvesting

capacity of machines are better utilised when fruit bearing trees are near to or in full
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production. Therefore, it may be more economically feasible to purchase the maximum
number of machines when trees are closer to or already in full production level in year
six and beyond.

Robot harvesting bi- and multi-varietal orchards

As shown in Table 5.6, robot harvesting a bi-varietal orchard is abbreviated with ‘RB’
and for multi-varietal with ‘RM’. The abbreviations are followed by six digits, which
denote the number of robots or platforms purchased in year one to six of orchard
establishment. For example, RB001112 is read as bi-varietal robot harvesting system
where one robot is purchased in years three, four, and five, and two robots are

purchased in year six.

The nine scenarios utilising robots for bi-varietal orchard (RB0O00003-RB001112)
assume a maximum number of three or five robots to harvest a 9 or 15 ha orchard,
respectively. Similarly, the seven scenarios utilising robots in a multi-varietal orchard
(RM000002- RM000111) assume a maximum number of two or three robots to harvest
a 9 or 15 ha orchard, respectively. Scenarios RB000003, RB000005, RM000002, and
RMO000003 examine how the profitability of the orchard and harvest capacity of robots
will be affected if robot purchases are delayed until year six, when robots can be used at
their full harvesting capacity as trees are in full production. Scenarios RB000012-
RB000111, RB000014-RB000113, RM000011-RM000110, and RM000012-RM000120
examine how the profitability of the orchard and harvest capacity of robots will be
affected if robots are purchased in different intervals starting from year four and five
where orchard has sufficient fruit on trees for the robot to operate at its full or near full
harvesting capacity. Scenario RB001112 examines the possibility of purchasing robots
starting from year three, when there may not be sufficient fruit on trees for the robot to
be utilised at its full capacity and how the profitability of orchard could be affected.
Platform harvesting — bi- and multi-varietal orchard

As shown in Table 5.7, platform harvesting bi-varietal orchard is abbreviated with ‘PB’
and multi-varietal with ‘PM’. As noted earlier, six digits after abbreviations denote the
number of platforms purchased from year one to six of orchard establishment. For
example, PB100002 is read as bi-varietal platform harvesting system where one

platform is purchased in year one and two platforms are purchased in year six.
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Table 5.7. Scenarios to be simulated for platform harvesting bi-(PB) and multi-
(RM) varietal orchards

: 1
Production year* and Orchard

. Harvestin purchased number of .
Scenario system ) Orchard type harvesting machines S;]ZG
1 2 3 4 5 6 (ha)
PB100002 Platform Bi-varietal 1 2 9
PB100020 Platform Bi-varietal 1 2 9
PB100110 Platform Bi-varietal 1 1 1 9
PB100011 Platform Bi-varietal 1 1 1 9
PB100003 Platform Bi-varietal 1 3 15
PB100030 Platform Bi-varietal 1 3 15
PB100012 Platform Bi-varietal 1 1 2 15
PB100021 Platform Bi-varietal 1 2 1 15
PB100111 Platform Bi-varietal 1 1 1 1 15
PM100001 Platform Multi-varietal 1 1 9
PM100010 Platform Multi-varietal 1 1 9
PM100002 Platform Multi-varietal 1 2 15
PM100011 Platform Multi-varietal 1 1 1 15
PM100101 Platform Multi-varietal 1 1 1 15
PM100110 Platform Multi-varietal 1 1 1 15
PM100020 Platform Multi-varietal 1 2 15

Production begins from year three and full production is reached in year six. Platform purchases begin
from year one.

For multi- and bi-varietal orchards, platform purchases start from year one (PB100002-
PM100020), where platforms will be utilised to perform pre-harvest operation starting
from year one and harvest from year three and beyond. No platform purchase is
considered for year three for multi- and bi-varietal orchard, because it is assumed that
platforms purchased in year one can be utilised in year three when trees start bearing
fruit. Purchasing any additional number of platforms in year three is considered too
early and not feasible economically, as there is insufficient production level to utilise
platform harvesting up to its full capacity. Therefore, it is better to postpone purchases
until year four, five, or preferably year six, as sufficient or full production level is

reached.

The nine bi-varietal scenarios (PB100002-PB100111) assume a maximum number of
three or five platforms in operations in a 9 or 15 ha bi-varietal orchard, respectively. In a
multi-varietal orchard, the seven scenarios (PM100001-PM100020) assume a maximum
number of two or three platforms to operate in a 9 or 15 ha orchard, respectively. These
seven scenarios examine the profitability of the orchards and harvest capacity of
platforms when additional numbers of platforms (in addition to the one purchased in

year one) are purchased in different intervals in year four, five, and six.
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Scenarios PB100002, PB100003, PM100001, and PM100002 examine how the
profitability of the orchard will be affected if platforms purchased in year of production
is utilised until reaching full production (year six) before any additional platforms are
purchased. This also examines how the harvesting capacity of additional purchased
machines in year six will be utilised given trees are in full production level, and whether
this would generate more profit. Scenarios PB100020-PB100011, PB100030-
PB100021, and PM100010, PM100011-PM100020 examine how the profitability of
orchard and harvest capacity of platforms will be affected if machines are purchased at
different intervals starting from year four and five, where trees have sufficient fruit for
platforms to operate at their full or near full harvesting capacity.

5.6. Break-even analysis of robot price

The purchase cost of robot is considered as the most expensive element in the
investment decision that could affect the profitability of robot harvesting in particular
harvesting lower value or lower yield variety. For researchers and engineers developing
robotic technologies, it is important to know how much they need to invest in the
development of different components necessary for the implementation of the robotic
harvesting technology (Shockley et al., 2019) without having a significant impact on the
NPV of the investment. However, robot is not commercially available and no data is
available for the price of the robot. Therefore, the break-even prices, or the price at
which the NPV is zero, are identified for a robotic harvester in a single-varietal orchard
for the studied apple varieties across orchard areas. The break-even price will be an
important indicator to identify the minimum price for the robotic harvester that will
prevent losses (Kay et al., 2016; Berry, 1972; Gutierrez and Dalsted, 2012), which will
be an important piece of information for developers and investors of the technology.

5.7. Sensitivity analysis

The aim of the current research is to show the comparison between investing in robot
harvesting systems with platform or manual, and why it would be better to invest in
robots. However, given that the robot is in commercial trial phase, there are
uncertainties in terms of its operation compared to available alternatives, i.e. manual
picker or platform. Therefore, operators of the robot may not know yet what would be
the ideal performance for a robot in relation to NPV and labour. As such, a series of

sensitivity analyses were constructed based on a 10 ha of Envy orchard in year six of
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production, to test how outcomes of the robot harvesting are affected according to the

changes made on the inputs of the model.

Envy is selected as the only variety for the sensitivity analyses following the outcomes
of the preliminary analyses for the single-varietal orchard, where relatively higher
returns are generated for Envy across orchard sizes compared to Jazz or Royal Gala.
This could make it more appealing for growers to consider utilising robotic harvesters
for Envy compared to other two varieties. Therefore, it is assumed that the sensitivity
analyses for Jazz and Royal Gala will not make a practical sense as lower returns are
generated compared to Envy regardless of the changes made to the inputs of the model.
Envy orchard was analysed in year six to account for the full production level and

replicate the long-term sensitivity analysis for the orchard establishment period.

Considering the interdependency among the inputs in the model, two main components
of the robot harvesting operation, the harvesting speed (HS,) and harvesting efficiency
(HF,) of a robot are tested in the analysis. Other inputs important in determining the
profitability of the investment decision were also tested in the model including the

purchase price of a robot, labour availability, labour efficiency, and labour wages.

5.7.1. Decreasing the purchase price of robot

Growers will only invest in robots when they can generate an income equivalent or
close to those for manual or platform harvesting. In addition, apple producers may want
to know how flexible their budgets have to be when purchasing a robotic harvester to
justify their investment for harvesting their orchards by the robot with respect to other
alternatives, i.e. manual or platform harvesting system. Given the overall technology
trend, it is assumed that the robotic harvester becomes more affordable as the
technology advances. This has been evident with the development of AMS, where the
technology has improved and become more affordable over the years, thus leading to
widespread adoption (Woodford et al., 2015).

Sensitivity analyses for the purchase cost of the robot were conducted based on 10 ha of
Envy orchard to examine the price thresholds, at which the investment in the technology
will generate profit equivalent or close to that of manual or platform harvesting. To put
the analysis in perspective, the break-even purchase price of robot for 10 ha of Envy

was used as the gauge for the maximum price at which a grower may become
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indifferent between operating with the robotic harvester versus alternatives such as

manual or platform harvesting system (Shockley et al., 2019).

5.7.2. Harvesting speed and efficiency

Harvesting speed of robot, HS, — how fast the robot harvests each apple per unit of time
(seconds); and harvesting efficiency of robot, HF, — the percentage of apples identified
and harvested by the robot per tree, are two key components of the robot’s harvesting
performance in the model. Therefore, three sensitivity analyses were conducted to test
how increases in HS, and HF, could affect the outputs of the model such as the number
of pickers and robots required, and the NPV.

Increasing harvesting speed

The harvesting speed of robot, HS, was increased by 0.5 seconds per apple from the
default value of one second per apple, while HF, was kept constant at its default value,
80%. Note that the outcomes of the model did not show significant changes to values
below 0.5 seconds per apple.

Increasing harvesting efficiency

The harvesting efficiency of robot or the percentage of fruit per tree picked by robot,
HF, was increased by 5% from its default efficiency rate of 80%, while HS, was kept
constant at its default value of one second per apple. Note that the outcomes of the
model did not show significant changes to values below 5%.

Increasing harvesting speed and efficiency simultaneously

The ultimate goal in harvesting apples by robot is to ensure that the robot performs to its
optimal capacity. However, this may not mean that a robot should operate with the
highest HS, and HF,. In the current model, the optimal operation of the robot is defined
with respect to the labour substitution and capital requirement that could determine the
profitability of the orchard. For example, operating the robot more efficiently will make
it slower as it will spend more time scanning and harvesting apples per tree. As a result,
it will leave more area unharvested, which may require using more pickers or more
robots to be harvested, which in turn could affect the NPV. Thus, it may not be practical
to derive the operation of robot solely on HF,. Therefore, a series of sensitivity analyses
were performed based on increasing both the HS, and HF, by a mix of increments to
identify the best combination of HS, and HF, that will provide the balance of labour to

capital ratio and generate profit.

109



5.7.3. Labour uncertainty

Skilled labour required to operate the robot and complementing labour to pick
unharvested fruit by robot, is essential when investing in the robotic harvester. To
determine the impact of labour in the analysis, three sensitivity analyses were conducted
for 10 ha of Envy to study how sensitive the NPV of the investment in a robotic
harvester is to the changes associated with the labour uncertainties including labour
wages, labour availability, and labour efficiency.

Increasing labour wages

In the current research wage rates are assumed constant over the period of orchard
establishment, whereas in reality, rates could change annually due to various factors
such as changes in the contracts, inflation rates, minimum wage policy, and standard of
fairness (Dickens et al., 2007). In addition to annual inflation, a future potential scarcity
of on-orchard labour may result in increased labour costs. From a grower’s perspective,
when the pool of labour becomes limited, they may decide to increase wage rates to
attract locals interested in working in orchards, but this may not happen in normal

circumstances.

To account for this, the historical data for annual changes in harvesting labour wages
were derived from the Orchard Monitoring Report of the New Zealand Ministry for
Primary Industries (MPI, 2018), which reflected an annual wage increase of 1% in
average from 2011-2018. However, the NPV of the model did not show a considerable
sensitivity to this increase of wages. To examine the impacts of changes in the labour
wages from the labour availability perspective, the work of Cassey et al. (2016) was
also considered, which reported that a 7% reduction in labour availability can increase
the wages for pre-harvest labour and post-harvest labour operations by 6.7% and 3.5%,
respectively. Therefore, to simulate the impact of changes in labour wages on the NPV
of the orchard, the wages for all labour-related operations including robot operator,
picker, and post-harvest labour were increased by 5% per year and their impacts on the

profitability of a 10 ha Envy orchard were analysed.

Even though labour wages are one of the major expenditures in apple production, in
reality they do not change at a relatively fast rate, however, the unskilled labour rate
may not increase at the same rate as the skilled labour rate. Increases in wages for robot
operators may be higher as it requires skilled workers to operate the robot compared to

manual harvest and post-harvest operations and if the wage rates are not high enough,
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producers might not be able to source labour to operate the robot when these workers
can earn a similar rate in other roles. In addition, as robot technology advances it may
become more complex to operate, thus skilled operators may require higher wage rates.
Therefore, an increase of 50% in wages for robot operators and 5% for manual pickers
and post-harvest were considered in the model. Note that in the current analysis, the
wages are increased while labour availability and efficiency were kept constant in their
default values in the model.

Reduction in labour availability

It is assumed that any changes in the availability of labour to complement robot
harvesting is reflected in the manually harvested yield. To reflect this, harvested yield
by pickers is reduced in the model to simulate labour shortages for growers in the
industry. In this analysis, it is assumed that reductions in the availability of labour will
not have any impact on the efficiency of the available pickers. This is because growers
are assumed to still have access to a pool of experienced pickers or will be able to train

new pickers with no picking experience.

Given the focus of the current research is on the harvesting operation, changes in the
labour shortages for harvest and expected impacts on the NPV are unknown. Cassey et
al. (2016) found that the labour shortages impact pre-harvest operations more than post-
harvest operations, reducing labour availability for pre-harvest by 30% and post-harvest
by 4.4%. With this information in mind, it is assumed that labour availability for harvest
also decreases by 30 and 50% to simulate labour shortages in the industry in the most
optimistic and pessimistic way, respectively. Under the base scenario, labour
availability is assumed to be at 100%. Note that any unharvested fruit due to reduction
in labour availability are considered wasted and an income loss for growers.

Reduction in labour availability and efficiency

When labour availability is limited, the efficiency of labour decreases (Cassey et al.,
2016) and this is no different for pickers. When labour is available, access to a pool of
experienced pickers is higher, however when a labour shortage becomes an issue then
growers have no choice but to have anyone pick apples with no prior experience or
training, which means that they harvest fruit with a lower efficiency compared to
experienced pickers. This may affect the yield and quality of harvested apples.
However, it is assumed that growers can train manual labour and slightly improve their

picking efficiency in the limited time available to pick fruit. As a result, growers may be

111



able to reduce the impacts of labour shortages on the efficiency despite the training cost
and time required. To reflect this, it is assumed that growers will experience slight
reductions of 5% in the harvesting efficiency of labour when only 30 and 50% of labour
are available — taking into account the training of pickers before starting the harvest. For
the default case, it is assumed that with 100% labour availability, pickers pick
unharvested fruit left over by robots from remaining area with the efficiency of 90%
compared with the lower efficiency of 85% for picking unharvested fruit left over by
robots.

5.8. Orchard system transition

The orchard system transition model combines some of the concepts discussed earlier
such as orchard type, apple varieties, canopy structure, and harvesting system into one
model to examine the economic feasibility of converting a section of an established
orchard from 3D to 2D in preparation for platform or ultimately robot harvesting (Table
5.8). The model could provide a more realistic approach toward the investment decision
in a robotic harvester given that the technology is still in commercial trial stage. It is
assumed that the new orchard will be harvested by platform, even though it is designed
to be harvested but not necessarily will be harvested by robot as the technology is not
presently commercially available.

Table 5.8. Factors considered in the orchard system transition
Factors Details
Tree canopy structure 3D > 2D

Transition speed 5 ha in year one or 1 ha per year over five years.
Apple variety Braeburn - Envy
Harvesting system Manual - Platform

There are many apple growers operating an established orchard planted with trees in a
3D structure and want to adopt robot harvesting. However, a robot is designed to work
in an orchard with a suitable tree structure, i.e. 2D. The 2D canopy structure allows
growers to utilise available harvesting system, i.e. platform and alternatively robot in
future. This will also allow them to gradually adapt with the new production strategies
suitable for platform and robot harvesting such as tree maintenance practices (e.g.
pruning). Therefore, when robotic harvest technology becomes commercially available,

growers can have an easier and smoother transition to complete automation.

The orchard to be converted is a 5 ha section of a 20 ha orchard (i.e. Baseline orchard
model) structured in 3D and planted with three varieties (2 = Jazz, 3 = Royal Gala, 4 =

Braeburn), and each variety is allocated with 5, 10, and 5 ha sizes, respectively. The
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allocation of these orchard sizes to each variety is representative of the orchard size of
each variety in the Hawke’s Bay region (NZAPI, 2018). The 3D area of Braeburn is
replaced with a 2D canopy structure orchard of Envy, which is harvested by platform.
The reason Braeburn is replaced with Envy is derived from the annual changes in the
planted area allocated for each variety in Hawke’s Bay region. According to the area
distribution of varieties grown in Hawke’s Bay for a 40 ha orchard between 2013-2018
(MPI, 2018), the area planted to Braeburn has reduced by around 10% annually,
whereas Envy-planted area has increased by around 10% annually, and Jazz and Royal
Gala have relatively remained stable. In addition, Envy is a premium variety with higher
export value ($2.35 per kg) than Braeburn ($1.31 per kg) (MPI, 2012 and 2018), thus

has the potential to return higher profit for growers.

Given the multi-variate nature of the orchard system transition model, to examine the
economic feasibility for variety replacement and canopy structure conversion, two
system scenarios are simulated to assess the impact of the transition speed, i.e.
replantation timeframe, on the net returns of the entire orchard, while taking into
account the cash flow from the current orchard (Table 5.8). Scenario one considers
replanting 5 ha of Braeburn with Envy in year one of orchard establishment; and
scenario two considers replanting 5 ha of Braeburn with 1 ha of Envy per year over the
period of five years. The outcomes of the analysis will help growers with their decision-
making whether to implement scenario one or two, depending on the financial situation
of the orchard. Implementing scenario one requires a large investment and it might be
considered a financial burden for growers with financial debt as no income will be
generated until trees begin bearing fruit from year three. The benefit of implementing
scenario two is that it can provide an income stream for growers during the replantation
period and provide them with a transition time to gradually level up their tree
management practices to better manage and maintain the replanted tree with 2D canopy

structures.

Three separate models are constructed to calculate the cash flow for the baseline
orchard model, scenario one, and scenario two. The cash flow from the baseline orchard
model is summed up with the cash flow for each of the scenarios one and two to
calculate the profitability of the entire 20 ha orchard for each scenario. It is assumed that
the baseline orchard model is already in full production and will produce fruit, while the

5 ha of Braeburn is being replanted with Envy. The orchard system transition model is
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basically a single-varietal orchard to be harvested by platform, where replantation
begins with the orchard establishment, and production begins from year three. Given
that not all fruit can be harvested mechanically, use of pickers are considered in both
scenarios. The baseline orchard (i.e. 15 ha) is only harvested manually given it is
structured in 3D, thus platforms cannot be used. Key financial measures for this orchard
are estimated similar to the single-varietal orchard model. In addition, platforms are
assumed will be utilised to perform harvest and selected pre-harvest tasks.

5.9. Twenty-four hours robot operation

At the time of conceptualising the model, the parameters and assumptions used in the
model regarding the operation of the robot reflected the assumed information — robot
operation in daylight. But the robot has advanced, and new information reveals that the
robot may be capable of operating 24 hours a day (MIT, 2019). This has been
incorporated into model to test how it will impact the performance and profitability of
robot harvesting single-varietal orchard. This demonstrates the application and
adaptability of the model to changing dynamics and incorporate new parameters and
assumption based on changes and advancements of robot technology. It is assumed that
the robot operates for 24 hours a day for six days a week. Operators are assumed paid
per hour. It is assumed that robots are operated in excess capacity. Note that
administrative implications such as varied payment rates for operators in day and night
are not considered in the model. The analysis is performed based on a 10 ha of the
single-varietal orchard for each of Envy, Jazz, and Royal Gala.

5.10. Conclusion

This chapter presented and discussed the empirical model with respect to the research
design, data collection, and data analysis. The estimated data and assumptions for
various elements in the model were described that are required to extend the conceptual
framework into an empirical model to assess the investment decision in the robotic
harvester technology. To put the analysis in perspective, utilisation of available
harvesting systems such as manual and platform were considered in the analysis. The
empirical model incorporated various factors essential in the investment decision, such
as orchard size, orchard type, canopy structure, and apple variety with respect to
utilising different harvesting system (manual, robot, or platform). The break-even price
analysis for the robotic harvester provides the minimum price ranges across varieties
and sizes that the investment in the technology will prevent losses. Sensitivity analyses
will be conducted to take into account the uncertain decision factors including the
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purchase price of the robot, harvesting speed and harvesting efficiency, labour wages,
labour availability, and labour efficiency. Under two scenarios, the orchard system
transition model examines the economic feasibility for variety replacement and canopy
structure conversion, and utilising platforms, which could provide a more realistic
approach toward the investment decision in a robotic harvester given that the
technology is still in commercial trial stage. The twenty-four hours robot operation
model incorporates the latest development of the robot with regard to its operation
hours, which could affect the profitability of the investment. The outcomes for the

application of these data into the model are presented and discussed in the next chapter.
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Chapter 6. Results and discussion

This chapter presents the results and subsequent discussion for the conceptualised
model of Chapter 4 and the data and systems described in Chapter 5. The results and
discussion are focused on analysing the investment decision of adopting a robotic
harvester compared to platform or manual harvesting system for single-varietal, bi-
varietal, and multi-varietal orchards of various orchard sizes — taking into account
varietal characteristics such as yield, value, harvesting window, purchasing and
operating costs for robots, and the cost of establishing an orchard with tree canopy

structure suitable for robot harvesting.

As outlined in the empirical chapter the results of the analysis are presented and
discussed in terms of various elements essential for the investment decisions including
number of harvesting units required, number of full time equivalent (FTE) pickers
required, and the net present values (NPV) and internal rate of return (IRR) of the
investment. All NPVs are calculated over a 25-year period. Uncertainties around the key
parameters, which can influence the investment decisions are captured through
sensitivity analysis. These parameters include changes in purchase cost, harvesting
speed, or efficiency of the robot, labour wages, labour efficiency, and labour
availability, which are conducted for the analysis to examine the conditions that make a
robotic harvester investment feasible and to determine what variables have the largest

impact on feasibility.

Initially the break-even purchase cost of a robotic harvester for three apple varieties
across different orchard sizes in a single-varietal orchard are calculated. Given that a
robotic apple harvester is still in commercial trial phase, no studies have analysed its
feasibility and profitability. Therefore, in order to provide a comparative discussion,
previous studies evaluating similar agricultural technologies such as Automatic Milking
System (AMS) and platform harvesting system are considered, even though they may
not represent similar systems.

6.1. Harvesting systems

In the model, harvesting costs consisted of using either robot, platform, or manual
harvesting. Given the harvesting speed and efficiency of each harvesting system, and
the limited harvesting window, not all fruit could be harvested by robot or platform and
thus, the use of pickers for areas unharvested by robots or platform was also taken into

account. The results of the analysis for the single-varietal orchard planted with different
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apple varieties (Envy, Jazz, or Royal Gala) across seven orchard sizes (10, 20, 30, 40,
50, 100, and 200 ha) are shown in Table 6.1 (manual), Table 6.2 (robot), and Table 6.3
(platform). The results presented in the tables below are for the full production level —
year six. Note that the analysis for the single-varietal orchard is only performed to check
whether there is a scale effect as scaling up orchard sizes and it is not considered from a
realistic perspective, because no growers will have single-varietal orchard.

6.2. Manual harvesting — Single-varietal orchard

Manually harvesting the three varieties followed a linear increase in orchard size from
the smallest (10 ha) to the largest (200 ha) orchard size (Table 6.1). Results for 20 to
200 ha orchards are provided in Appendix 1. Manually harvesting 10 ha of a single-
varietal orchard planted with Envy employed 26.52 FTEs, produced a yield of
1,007,760 kg, and generated a NPV of $8.0 million with an IRR of 26.44%; Jazz
employed 24.40 FTEs, produced a yield of 927,276 kg, and generated a NPV of $1.5
million with an IRR of 10.82%; and Royal Gala employed 25.03 FTEs, produced a
yield of 951,216 kg, and generated a NPV of $1.7 million with an IRR of 11.40%, over
a 25-year period. There was no scale-effect, and yield and NPV increased linearly as
orchard size increased (Appendix 1).

Table 6.1. Manual harvesting single-varietal orchard for 10 ha of three apple
varieties in full production

Variety Size (ha)  Manual yield (kg) Pickers NPV ($) IRR (%)
(FTE)

Envy 10 1,007,760 26.52 8,032,924 26.44

Jazz 10 927,276 2440 1,573,084 10.82

Royal Gala 10 951,216 25.03 1,756,173 11.40

6.3. Mechanical harvesting — Single-varietal orchard

Results in Table 6.2 and Table 6.3 indicate that price and yield determine which variety
harvested by robot or platform generated the highest profit. In a single-varietal orchard,
Jazz and Royal Gala are relatively more expensive to harvest as they are relatively

lower value and lower yield varieties compared to Envy.

Increasing orchard size, increased machine to labour substitution. For example,
comparing changes from 10 ha to 200 ha of Envy, the number of robots increased from
0.40 robots per ha to 0.43 robots per ha with robot harvested yield increasing from 69
t/ha to 74 t/ha, while the number of pickers decreased from 0.88 to 0.74 FTEs per ha
with manually harvested yield decreasing from 27 t/ha to 23 t/ha; NPV increased from
$727,087 per ha to $779,955 per ha with an average IRR of 25.62% across orchard
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sizes. Similarly, when harvesting Envy by platform, increasing orchard size from 10 ha
to 200 ha increased the number of platforms from 0.50 per ha to 0.51 per ha with
platform harvested yield increased from 86 t/ha to 88 t/h. The number of pickers
decreased from 0.47 to 0.42 FTEs per ha with manually harvested yield decreasing from
14 t/ha to 13 t/ha, and NPV increased from $749,012 per ha to $769,422 per ha with an
average IRR of 25.88% across orchard sizes. A similar trend is also observed for Jazz
and Royal Gala. The relationship between the outcomes of the analysis will be
discussed in detail across orchard sizes and varieties in the subsequent sections.

Table 6.2. Robot harvesting single-varietal orchard for three apple varieties
across seven orchard sizes in full production
Size Harvested yield (kg) No. of  Pickers NPV ($) IRR

(ha) Robot Manual robotsl (FTE) (%)
Envy
10 694,138 268,093 4 8.76 7,270,874  24.73
20 1,388,275 536,186 8 17.52 15,000,648  25.36
30 2,082,413 804,279 12 26.28 22,730,495  25.57
40 2,950,085 936,517 17 30.61 30,739,357  25.78
50 3,644,222 1,204,610 21 39.37 38,474,529  25.82
100 7,461,979 2,273,365 43 74.29 77,749,725  26.01
200 14,923,958 4,546,731 86 148.59 155,991,032  26.08
Jazz
10 613,138 266,695 5 8.72 341,898 6.41
20 1,348,903 437,388 11 14.29 1,150,219 7.34
30 1,962,040 704,082 16 23.01 2,068,120 7.78
40 2,697,805 874,776 22 28.59 2,920,906 7.94
50 3,433,571 1,045,469 28 34.17 3,774,359 8.03
100 6,867,141 2,090,938 56 68.33 8,172,091 8.27
200 13,734,282 4,181,876 112 136.66 21,367,252 9.44
Royal Gala
10 627,588 274,660 5 8.98 479,766 6.63
20 1,380,694 451,056 11 14.74 866,663 6.95
30 2,008,282 725,716 16 23.72 2,478,633 8.28
40 2,761,387 902,111 22 29.48 3,416,155 8.39
50 3,514,493 1,078,507 28 35.25 4,435,529 8.52
100 7,028,986 2,157,015 56 70.49 9,500,771 8.75

200 14,057,971 4,314,030 112 140.98 19,643,113 8.87

'One operator will be required per robot.

Number of harvesting machines

The number of robots and platforms required differ across varieties due to differences in
fruit size and number, as the Envy apple is larger, fewer robots and platforms were
required for harvest in contrast to the smaller Jazz and Royal Gala apples. Harvesting 10
ha of Envy, Jazz, and Royal Gala required four, five, and five robots, respectively

(Table 6.2); and five, four, and four platforms, respectively (Table 6.3).
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Table 6.3. Platform harvesting single-varietal orchard for three apple varieties
across seven orchard sizes in full production

Size Harvested yield (kg) No. of Platforms  Pickers NPV ($) IRR
(ha)  Platform Manual  Pplatforms (FTE) (FTE) (%)
Envy
10 864,000 143,349 5 20 4.68 7,488,894  25.32
20 1,728,000 286,697 10 40 9.37 15,123,573  25.65
30 2,592,000 430,046 15 60 14.05 22,799,570 25.86
40 3,456,000 573,394 20 80 18.74 30,531,066 26.10
50 4,320,000 716,743 25 100 23.42 38,120,269  25.96
100 8,812,800 1,299,853 51 204 42.48 76,866,679  26.12
200 17,625,600 2,599,706 102 408 8496 153,874,593 26.14
Jazz
10 691,154 212,170 4 16 6.93 846,794 8.42
20 1,555,301 290,708 9 36 9.50 2,061,923 9.09
30 2,419,449 369,246 14 56 12.07 3,292,308 9.23
40 3,110,400 581,416 18 72 19.00 4,256,814 9.32
50 3,974,400 659,954 23 92 21.57 5,501,069 9.35
100 8,121,600 1,186,276 47 188 38.77 11,422,664 9.50
200 16,243,200 2,372,551 94 376 77.53 22,985,584 9.54
Royal Gala

10 691,420 231,448 4 16 7.56 1,070,562 9.22
20 1,555,276 329,264 9 36 10.76 2,181,185 9.31
30 2,419,133 427,080 14 56 13.96 3,992,615 10.14
40 3,283,200 524,896 19 76 17.15 5,463,690 10.26
50 4,147,200 622,711 24 96 20.35 6,936,663 10.34
100 8,294,400 1,245,423 48 192 40.70 14,014,049 10.40
200 16,588,800 2,490,846 96 384 81.40 28,121,000 10.41

As orchard size increased there was a marginal scale-effect, resulting in a non-linear
increase in the number of robots and platforms across varieties. For example, the
number of robots and operators required to harvest Envy increased by one extra when
the orchard size increased from 30 ha to 40 ha, i.e. from 12 to 17 rather than 16 as was
the case with increases in the size, from 50 ha to 100 ha for Envy; and from 20 ha to 30
ha for Jazz and Royal Gala (Table 6.2). Similarly, the number of platforms required to
harvest Envy increased by one extra platform when orchard size increased from 50 ha to
100 ha, i.e. from 25 to 51 rather than 50. In the case of Jazz and Royal Gala, other than
10 ha, the increases are linear (Table 6.3).

Number of Full Time Equivalent (FTE) pickers

Robot harvesting required a robot operator and platform harvesting can accommodate
four pickers, while both systems required pickers to pick unharvested fruit left by the
robot or platform due to harvesting speed and efficiency as well as the limited
harvesting window. The number of robot operators or platform workers were directly

correlated with the number of robots and platforms utilised, respectively, and increased
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in a non-linear way identical to the robot or platform increases reported previously. For
example, the number of robot operators for Envy orchard increased by one extra when
the orchard size increased from 30 ha to 40 ha and 50 ha to 100 ha, i.e. from 12 to 17
and 21 to 43 FTEs, respectively, rather than 16 and 42, respectively. When using
platforms, the number of platform workers increased by four extras when harvesting
Envy orchard when increasing orchard size from 50 ha to 100 ha, i.e. 100 to 204 rather
than 200 FTEs. Similar effects are observed for Jazz and Royal similar to what was

discussed for the number of robots and platforms required.

The number of pickers required to harvest unharvested fruit left by robots or platforms
was in direct substitution with the number of robots or platforms utilised, adding or
dropping one robot or platform reduced or increased the labour requirements directly.
As a result, there was a marginal scale-effect and non-linear change in the number of
pickers as orchard size increased. For example, increasing orchard size from 30 ha to 40
ha for Envy increased the number of pickers non-linearly, from 26.28 to 30.61 rather
than 35.04 FTEs. This resulted from the changes in robot numbers from 12 to 17
discussed above

For Jazz and Royal Gala, similar effects were observed when orchard size increased
from 20 ha to 30 ha, with the number of pickers increased from 14.29 to 23.01 FTEs for
Jazz and 14.74 to 23.72 FTEs for Royal Gala, whereas if it was a linear increase it
would have been 19.86 and 20.50 FTEs, respectively.

In the short to medium term, it is unlikely that robots would completely replace pickers
as they cannot harvest all fruit at the current harvesting efficiency and speed (NZHerald,
2019), but pickers can aid robotic harvesting (Wiltshire, 2019b). Robots may improve
the productivity of pickers by being able to harvest fruit grown at the upper levels of
trees, thus making it easier and quicker for pickers to harvest the remaining fruit with
less physical stress (Skerrett and McRae, 2019). This is based on the assumption that
robots harvest fruit based on colour (Tao and Zou, 2017) and top grown fruit can ripen

and develop colour faster due to being more exposed to sunlight (Bursac, 2013).

It is assumed that there are two types of unharvested fruit: unharvested fruit from an
unharvested area as machines are purchased in integer numbers, and the other is left-
over fruit due to the harvesting efficiency and speed of the robot. Growers may not care

about picking left-over fruit in the second pick when utilising harvesting robots
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especially if the availability of manual labour is uncertain. Further, harvesting
remaining fruit may not be economical, as it takes more time and effort to pick the same
volume as fruit are sparse. Returns may not justify the piece rate paid for the effort.
Therefore, the marginal cost of harvesting in the second pick could be higher than the
marginal value of fruit. This would allow growers to utilise the robot for high value
apples then manual labour for other lower value varieties such as Jazz or Royal Gala

that would not make economic sense to be harvested by robot.

In the long term, similar to an AMS, which replaced milking labour (Engel and Hyde,
2003; Hyde et al., 2003; Shortall et al., 2016), it is expected that robots would replace
pickers as harvesting efficiency and speed improve, this may also occur as relative
wages increase. As a result, robots will be able to harvest all fruit without relying on
pickers, but it would require an operator to be with it while operating (Briscoe, 2019).
In addition, it is likely that robots would enable the orchard industry to allocate people
from harvesting into permanent roles doing other tasks such as post-harvest operations
(Chumko, 2019; NZHerald, 2019). This has been evident from utilising AMS, which
freed-up milking labour into higher-valued activities such as managerial functions in
smaller farms, monitoring other farm labour, and researching marketing options (Hyde
et al., 2003).

Use of platforms is more rational when labour shortages are not acute as platforms,
given they are commercially available, can enhance pickers efficiency and safety
(Sinnet et al, 2018). It has been reported that health and safety of workers can cost
growers. For example, picking apples using ladders is physically more demanding and
puts pickers at risk of occupational injuries, whereas platforms can improve the
workers’ safety and health, e.g. reducing time spent in awkward postures and incidents
of ladder falls (Earle-Richardson et al., 2006; Gallardo and Brady, 2015; Isaacs and
Bean, 1995; Lewis, 2015). Thus, utilising platforms can create a different demographic
of labour as less fit or new workers with no picking experience to work more efficiently
and make it physically less demanding, taking into account health and safety measures,
and still generate a net return comparable to the case of using a manual harvesting
system.

Yield

As defined in chapter 4, yield for each harvesting system takes into account the number

of fruit bearing trees per hectare, the number of fruit per tree, the average fruit weight,
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and the harvesting efficiency of the harvesting unit. As shown in the tables, the total
yield for robot and platform harvesting included machine harvested yield (results from
utilising a number of machines) and manually harvested yield (or harvested yield by

pickers derived from the unharvested area and left-over fruit).

As can be observed from the results, increases in orchard size increased the yield
harvested by robot or platform in a non-linear manner. This is related to the non-linear
changes observed in the number of robots and platforms as well as the pickers, as
discussed earlier. For example, increasing the orchard size of Envy from 30 ha to 40 ha
increased the harvested yield by robot from 2,082,413 kg to 2,950,085 kg and manually
harvested yield from 804,279 kg to 936,517 kg, where if it was a linear change it would
have been 2,776,551 kg and 1,072,372 kg, respectively.

Comparing the total harvested yield for each harvesting system across varieties and
orchard sizes, manual harvesting generated the highest yield compared to robot and
platform across all varieties and orchard sizes. For example, for 10 ha of Envy, the
highest total yields were from manual harvesting system with 1,007,760 kg followed by
platform with 1,007,349 kg, and robot with 962,231 kg. Note that manual harvested
yield also accounts for the second pick by manual pickers for the fruit that were missed
or not ready-to-pick in the first pick. Similarly, robot and platform harvested yield
include yield from the second pick by pickers. Robot harvested yield was the lowest
because the aggregate harvesting efficiency of robot plus the efficiency of pickers were
lower than the aggregate efficiency of platform (picking team) and the efficiency of the

pickers.

It is expected that the performance of robot, i.e. harvesting efficiency and harvesting
speed, will improve in future that could possibly be comparable with the performance of
a picker. This could mean that robot will be able to harvest fruit identified with
harvestable quality within the harvesting window without the need of pickers. This has
been a similar trend with the adoption of AMS, where farmers had considered utilising
AMS on their farms for a decade but had decided to wait for the technology to improve
and become more affordable to adopt (Woodford et al., 2015).

Net present value

As orchard area and number of robots increases in a non-linear fashion, NPV changes
similarly. Using Envy as an example, the NPV for 10 ha is $7.3 million, if the NPV

increased in a linear manner, the NPV for 20 ha would be approximately $14.6 million,
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but the estimated NPV from the model is $15.0 million. Similarly, for a 100 ha orchard,
if linear, the NPV would be $73.0 million, but the model estimates the NPV at $77.7
million (Table 6.2). When harvesting Envy by platform, the NPV for 10 ha orchard is
$7.5 million, if it was a linear increase the NPV for 100 ha would be approximately $75
million, but the estimated NPV from the model is $76.9 million. The reason for the non-
linear increase is related to the change in the substitution effects between robots and
pickers. When an orchard is harvested by robots or platforms, growers will significantly
generate lower net returns harvesting Jazz and Royal Gala compared to Envy (Table 6.2
and Table 6.3) due to the trade-off between relative cost and return where the costs

incurred for robot or platform harvesting these two varieties outweigh returns.

Either system of harvesting, i.e. robot or platform, will generate lower returns compared
to manual harvesting. If labour is available, then growers can generate more profit at the
current wage rate by manually harvesting their orchards. When moving to orchard sizes
above 40 ha for Envy, harvesting by robots generate more profit compared to platform
due to a trade-off between relative costs and returns, where the returns of the investment
outweigh the costs incurred from using robots.

6.4. Variety — Single-varietal orchard

The relationship between results from a varietal perspective is examined considering
three varieties based on a 10 ha orchard given the linear increase observed from the
smallest to the largest orchard sizes for three harvesting systems (Table 6.1, Table 6.2,
and Table 6.3). Studied elements for each variety are compared including yield, number
of harvesting units and pickers required when fruit are harvested mechanically, the
NPV, and IRR. The outcomes of the analysis will be discussed in detail in the

subsequent sections.

6.4.1. Envy

Manually harvesting 10 ha of single-varietal orchard planted with Envy used 26.52 FTE
pickers, produced a total yield of 1,007,760 kg, and generated a NPV of $8 million and
an IRR of 26.44% over a 25-year period (Table 6.1). To harvest the same orchard using
robots and pickers — taking into account fruit yield, size, harvesting speed and efficiency
- required four robots, produced a total yield of 962,231 kg, and generated a NPV of
$7.3 million and an IRR of 24.73% (Table 6.2); and harvesting the orchard using
platform and pickers required five platforms, produced a total yield of 1,007,349 kg,
and generated a NPV of $7.5 million and an IRR of 25.32% (Table 6.3). As can be
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observed from the tables, harvesting the orchard by robot and platform reduced pickers
compared to manual harvesting by 52% (26.52 to 12.76 FTES) and 7% (26.52 to 24.68
FTEs), respectively. Note that the pickers required by robot or platform included
pickers to pick unharvested fruit by robot or platform as well as robots’ operators or
platforms workers.

6.4.2. Jazz

To harvest 10 ha of single-varietal orchard planted with Jazz manually required 24.40
FTEs, produced a total yield of 927,276 kg, and generated a NPV of $1.5 million and an
IRR of 10.82% (Table 6.1). Harvesting the same orchard using robots and pickers
required five robots, produced a total yield of 879,833 kg, and generated a NPV of
$341,898 million and an IRR of 6.41% (Table 6.2); and harvesting the orchard using
platform and pickers four platforms, produced a total yield of 903,324 kg, and generated
a NPV of $846,794 and an IRR of 8.42% (Table 6.3). Harvesting the orchard by robot
and platform reduced pickers required compared to manual harvesting by 44% (24.40 to
13.72 FTES) and 6% (24.40 to 22.93 FTES), respectively.

6.4.3. Royal Gala

Manually harvesting 10 ha of single-varietal orchard planted with Royal Gala required
25.03 FTEs, produced a total yield of 951,216 kg, and generated a NPV of $1.7 million
and an IRR of 11.40% (Table 6.1). To harvest the same orchard by robots and pickers
five robots, produced a total yield of 902,248 kg and generated a NPV of $479,766
million and an IRR of 6.63% (Table 6.2), while harvesting the orchard using platform
and pickers four platforms, produced a total yield of 922,868 kg, and generated a NPV
of $1,070,562 and an IRR of 9.22% (Table 6.3). Harvesting the orchard by robot and
platform reduced labour requirement compared to manual harvesting by 44% (25.03 to
13.98 FTEs) and 6% (25.03 to 23.56 FTES), respectively.

When comparing the varieties from the NPV and IRR perspective, the lower NPV and
IRR for each of Jazz and Royal Gala for manual, robot, and platform harvesting were
because of the relatively lower price and yield of these two varieties compared to those
of Envy. For relatively lower value and lower yield varieties such as Jazz or Royal Gala,
robot harvesting is less profitable in a single-varietal orchard, however given their high
IRR ranges — generated returns exceeded the assumed discount rate of 5% in the model
that make the investment for harvesting these varieties by robot or platform attractive.

Therefore, growers are better off harvesting these two varieties manually than by robot,
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because they can generate higher returns. However, this very much depends on having
sufficient labour available for harvest, otherwise, it will be a risk to growers to mainly

rely on manual labour.

Even though adoption of the robotic harvester can significantly reduce labour
requirements, it also increases the capital requirements given the purchase cost of the
robot as the major cost in the investment and its profitability. Thus, this may be the case
that growers will generate lower returns by adopting robots compared to using manual
harvesting across all varieties. This could be considered a demotivating factor for those
growers who are in debt and not financially stable, in this case they would avoid

adopting the robot harvester until it becomes more affordable.

On the other hand, for those growers who have trouble sourcing enough labour for
harvesting, adoption of a robotic harvester could be appealing. Previously published
work has found a similar trend in adoption of AMS, in that some farmers had
considered utilising AMS on their farms for a decade but had decided to wait for the
technology to improve and become more affordable to adopt (Woodford et al., 2015).
Dijkhuizen et al. (1997) found that generally the adoption of AMS varies among
farmers depending on the financial situation of the farm and how easy it is to acquire

milking labour.

It is assumed that operating the robot faster and more efficiently could make it
profitable to harvest Jazz and Royal Gala, but this may not be possible at the current
development stage of the robot. Moreover, when compared to Envy, harvesting these
two varieties by robots will generate lower returns comparatively, thus it could be the
case that growers may consider utilising robots only for Envy. Therefore, some of the
strategies that growers could consider instead to make robotic harvesting of Jazz and

Royal Gala economically feasible are discussed in the subsequent paragraphs.

One of the strategies that growers could implement to make Jazz and Royal Gala
economically feasible for robot harvesting is to change their tree management practices
such as thinning. As discussed in chapter 3, growers can use thinning strategically to
manage fruit load and size (Musacchi and Serra, 2018; Whitfield et al., 2016; Zhang and
Chen, 2018). When tree is thinned as only a small number of fruits are left on the tree,
average price increases (Hester and Cacho, 2003). Hester and Cacho (2003) reported

that the highest price per kilogram for apples are received when thinning leaves between
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20 to 25% of fruit on the tree. The authors noted that thinning beyond this level put the

fruit in lower-valued count sizes and decrease the fruit price in line with lower fruit size.

For example, fruit size (i.e. weight) is one of the reasons that Envy is generating higher
income as the bigger apple variety (260 grams), worth more per kilogram ($2.35 per kg)
compared to Jazz (226 grams and $1.53 per kg) and Royal Gala (181 grams and $1.56
per kg). Even though implementing strategic thinning could increase the cost of
production, growers could generate more income when fruit size is increased
strategically, because largest sized apples do not receive the highest price per kilogram
(Hester and Cacho, 2003). Therefore, it is important that growers thin Jazz or Royal
Gala trees strategically to achieve a size (weight) in line with that of Envy. This could

increase the demand and prices for these two varieties in the fresh market.

More importantly, achieving larger sized fruit for Jazz and Royal Gala can increase the
robot adoptability potential by making them more profitable. Bigger fruit means less
fruit per tree and from a grower’s point of view, lower number of fruit per tree could
impact the number of robots required. This is because each robot can perform faster
while harvesting efficiency and speed remains the same for the robot. Robots do not
operate more efficient necessarily, but it can harvest more area as there will be less fruit
per tree to be harvested, thus the robot moves faster over the area it harvests, which
means more labour substitution without having to purchase more robots. This is evident
from the results of the sensitivity analysis on increasing harvesting speed of the robot,

which will be discussed in detail in section 6.7.2.

Therefore, growers could get the same level of robot output for Jazz or Royal Gala by
investing in strategic thinning instead of buying another robot or without having the
robot operate faster or more efficient, thus, the adoptability of the robot is not only
about the robot management and tree structure, but also related to the input and fruit
management. Another alternative that growers could consider is to plant these two
varieties together with Envy as a multi-varietal orchard, which is discussed in section
6.5.

Another strategy is that adopters and developers of the robot could consider
incorporating an in-orchard sorting function into the robot. Previous research has
studied the feasibility of including an in-orchard sorting function for platform in the
apple industry (Baugher et al., 2009; Mizushima and Lu, 2011; Zhang et al., 2017,
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Zhang et al., 2019). The in-orchard sorting function allows growers to save costs on
post-harvest storage and packing apples as it pre-sorts apples in-orchard before finally
being sorted and graded in the post-harvest operation (Mizushima and Lu, 2017; Zhang
et al., 2019; Zhang et al., 2017). It has been reported that even though adding in-orchard
sorting function increased the investment costs, the benefits gained from in-orchard
sorting exceeded those from increased harvest productivity of utilising platforms
without the in-orchard sorting function (Mizushima and Lu, 2017; Zhang et al., 2019;
Zhang et al., 2017).

In addition, it was found that the integration of in-orchard sorting and harvest-assist
functions is more beneficial for growers as the investment in the platform system
generated positive NPV only with the addition of the in-orchard sorting function
(Mizushima and Lu, 2017; Zhang et al., 2019; Zhang et al., 2017). Furthermore, pre-
sorting apples in-orchard is considered to be more consistent in terms of fruit quality,
which allows packing-houses to better manage the packing and storage in post-harvest
operations to meet market demands and standards (Mizushima and Lu, 2017). In the
context of this research, incorporating an in-orchard sorting function into the robotic
harvester may compensate for the costs incurred harvesting Jazz and Royal Gala with
robots by saving on the post-harvest sorting and grading costs. This requires further

investigations in future research.

Another component that can affect the profitability of the orchard is packout rate — the
percentage of harvested apples that are graded as export quality after being harvested.
This is important when apples are harvested for the export fresh market, because a
higher percentage of export quality apples are reflected in their packout rates (Lee-
Jones, 2019). This is more important for high value and demanded varieties such as
Envy. Harvested apples not graded for the export market are priced as non-export apples
depending on the local consumption of any apple variety (MPI, 2019; see section 5.1.1).
For example, Jazz and Envy may not be as popular or as much consumed compared to
Royal Gala in New Zealand considering the local price for each variety. Therefore, they
may be more suitable for juicing, hence have low non-export market values of $0.04
and $0.08 per kg, respectively (Table 5.1). Whereas, Royal Gala, despite having a
similar export packout rate (80%) to those of Jazz (80%) and Envy (75%), has a higher
price for non-export market ($0.21 per kg), because of the local demand.
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In the case of Envy, higher harvesting effort in terms of multiple passes to fetch fruit at
the right maturity is justified as far as marginal costs are lower than marginal benefits
due to high value and weight of fruit (Calvin and Martin, 2010). When labour cost or
availability is an issue, it is better to deploy robots to pick higher value and higher
weight fruit, thus increase the packout rate. Further, robots can enhance the fruit value
by minimising damage, thus increasing packout rates (Briscoe, 2019).

6.5. Mechanical harvesting — Bi-varietal and multi-varietal orchards
Following the NPV outcomes for robot and platform harvesting single-varietal orchards,
it was less profitable to harvest Jazz or Royal Gala by robots or platforms compared to
Envy. Therefore, bi- (Jazz and Royal Gala) and multi- (Envy, Jazz, and Royal Gala)
varietal orchards in a 2D structure were modelled to analyse how varietal mix could
affect the investment decision.

Table 6.4. Results of the simulated scenarios for robot harvesting bi- (RB) and
multi- (RM) varietal orchards in full production of two orchard sizes (9

and 15 ha)

Scenario? Size Harvested yield (kg)  No.of  Pickers NPV ($) IRR

(ha) Robot Manual  robots® FTE (%)
RB000003 9 626,428 190,295 3 6.22 606,170 7.68
RB000012 9 626,428 190,295 3 6.22 616,640 1.72
RB000120 9 626,428 190,295 3 6.22 583,224 7.54
RB000111 9 626,428 190,295 3 6.22 629,410 1.77
RB000005 15 1,044,046 317,159 5 10.36 1,246,958 8.25
RB000014 15 1,044,046 317,159 5 10.36 1,259,795 8.28
RB000140 15 1,044,046 317,159 5 10.36 1,215,889 8.14
RB000113 15 1,044,046 317,159 5 10.36 1,285,834 8.36
RB001112 15 1,044,046 317,159 5 10.36 1,325,735 8.47
RMO000002 9 641,659 194,922 2 6.37 3,052,084  15.65
RM000011 9 641,659 194,922 2 6.37 3,106,260 15.90
RMO000110 9 641,659 194,922 2 6.37 3,156,591  16.17
RMO000003 15 1,069,432 324,870 3 10.62 5,458,999 16.24
RMO000012 15 1,069,432 324,870 3 10.62 5,520,444  16.42
RM000120 15 1,069,432 324,870 3 10.62 5,620,695 16.75
RMO000111 15 1,069,432 324,870 3 10.62 5,667,943 16.91

'RB: Robot Bi-varietal (Jazz and Royal Gala); RM: Robot Multi-varietal (Jazz, Royal Gala, and Envy).

!Production begins in year three and full production is reached in year six. Robot purchases begin from year three.
20ne operator per robot will be required.

Net present value

It is more profitable to grow a bi-varietal than single-varietal orchard planted with either
Jazz or Royal Gala (Table 6.2, Table 6.3, Table 6.4, and Table 6.5). The average per ha
NPV across orchard sizes in the single-varietal orchard harvested by robots increased
from $71,101 per ha for Jazz, and $76,324 per ha for Royal Gala to $76,987 per ha in

the bi-varietal orchard (RB000003 to RB001112); when platform harvesting system is
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utilised, the increase was from $106,159 per ha for Jazz and $129,325 per ha for Royal
Gala to $129,995 per ha for the bi-varietal orchard (PB100002 to PB100111). However,
these increases are still significantly lower than a single-varietal Envy orchard with an
NPV of $761,461 per ha for robot harvesting (Table 6.2) and $666,367 per ha for
platform harvesting (Table 6.3).

Table 6.5. Results of the simulated scenarios for platform harvesting bi- (PB) and
multi- (PM) varietal orchards in full production of two orchard sizes (9

and 15 ha)

Scenario? Size Harvested yield (kg)  pjatforms  Pickers IRR
(ha) “Platform  Manual FTE? e WPVE) (g

PB100002 9 743,883 105,434 12 3.45 1,027,228 9.86
PB100020 9 743,883 105,434 12 3.45 1,006,021 9.75
PB100110 9 743,883 105,434 12 3.45 976,493 9.57
PB100011 9 743,883 105,434 12 3.45 1,040,022 9.94
PB100003 15 1,239,805 175,723 16 574 2,109,812 10.78
PB100030 15 1,239,805 175,723 16 574 2,145,686 10.91
PB100012 15 1,239,805 175,723 16 574 2,158,672 10.95
PB100021 15 1,239,805 175,723 16 574 2,177,697 11.02
PB100111 15 1,239,805 175,723 16 574 2,207,814 11.13
PM100001 9 761,971 114,350 8 3.53 3,101,873 17.14
PM100010 9 761,971 114,350 8 3.53 3,062,595 16.91
PM100002 15 1,269,951 190,584 12 5.88 5,384,197 17.58
PM100011 15 1,269,951 190,584 12 5.88 5,432,388 17.76
PM100101 15 1,269,951 190,584 12 5.88 5,408,273 17.66
PM100110 15 1,269,951 190,584 12 5.88 5,363,006 17.49
PM100020 15 1,269,951 190,584 12 5.88 5,387,121 17.59

1PB: Platform Bi-varietal (Jazz and Royal Gala); PM: Platform Multi-varietal (Jazz, Royal Gala, and Envy).

IProduction begins in year three. Full production is reached in year six. Platform purchases begin from year one.

2Four pickers will be required per platform.
Robot and platform harvesting are more profitable in a multi-varietal orchard compared
to a bi-varietal orchard (RM000002 to RM000111, PM100001 to PM100020). The
average per ha NPV across orchard sizes for robot harvesting the bi-varietal orchard
increased from $76,987 per ha to $359,933 per ha for the multi-varietal orchard, and for
platform harvesting from $129,995 per ha to $354,753 per ha. Considering the IRR
rates, when utilising robots, growing a multi-varietal orchard provides a better
prospective on the profitability of the investment with an average IRR of 16.29%
compared to 8.02% of bi-varietal or single-varietal orchard planted with Jazz (7.89%) or
Royal Gala (8.06%); and for platform harvesting with an average IRR of 17.45%
compared to 10.44% for bi-varietal or single-varietal orchard planted with Jazz (9.21%)

or Royal Gala (10.01%).

The resultant higher relative returns and IRR from multi-varietal orchards are attributed

to the harvest capacity utilisation of robots and platforms as a result of expanding the
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orchard harvesting window with the addition of Envy and positive attributes of Envy
discussed earlier. Therefore, it could be the case that growers producing relatively high
value and or yielding varieties are more likely to invest in robot or platform harvesting.
Otherwise, potential adopters may prefer to use manual harvesting rather than going
straight to robot or platform harvesting.

The average robot-harvested yield per ha for the single-varietal orchard increases from
66 t/ha for Jazz and 68 t/ha for Royal Gala to 69 t/ha in the bi-varietal, and 71 t/ha in the
multi-varietal orchard, and for platform harvesting from 78 t/ha for Jazz and 80 t/ha for
Royal Gala to 83 t/ha in the bi-varietal and 85 t/ha in the multi-varietal orchard.
Growers could generate more returns when machines purchases were equally spread
over production years with fruit bearing trees close to full production — starting from
year four (e.g. scenarios RB000111, RB001112, RM000111, PB100011, PB100111,
and PM100011). The costs incurred from purchasing machines in the initial years of
production or orchard establishment is higher as the full harvesting capacity of
machines cannot be utilised due to lower fruit volumes on trees. This will result in

lower yield and revenue, and consequently lower profit for the orchard.

In the bi-varietal orchard, growers will generate less returns robot harvesting the
orchard than using platforms. This is because the costs incurred for robot harvesting
these two varieties outweigh their returns taking into account the higher capital cost
required to invest in robots compared to platforms. Note that in the model, it was
assumed that platforms were purchased from year one of orchard establishment to
perform selected pre-harvest tasks, whereas robots were purchased when production
started from year three. However, purchasing platforms from year one did not affect the
return of the investment despite the fact that platforms may be underutilised in year one
and two or even three because their full or near full operating capacity cannot be utilised
until near full (year four and five) or full production level (year six) is reached. In the
multi-varietal orchard, a relatively similar level of income is generated in every case for
both robot and platform harvesting system. This is because the addition of Envy can
compensate for the costs incurred harvesting other two varieties, thus it balances out the

trade-off between harvesting cost and return from planted varieties.

Although, it is assumed that platforms are purchased from year one of the orchard
establishment, some growers may decide not to purchase platforms until year two or

three when trees are more grown and start fruiting and they can prune trees manually in
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year one. As a result, they can save up the costs of purchasing and operating platforms
in year one and they can better utilise the platforms in year two or three by substituting
labour more strategically as trees require more labour work and maintenance as they
grow. As a result, growers could better balance out the labour to capital ratio this way.
Number of full time equivalent (FTE) pickers and harvesting machines

Installing a bi- or multi-varietal orchard did not necessarily reduce the dependencies
associated with pickers compared to a single-varietal orchard (Table 6.4 and Table 6.5).
Because of the assumed harvesting efficiency and speed, there are unharvested fruit left-
over by robots or platforms that have to be picked by pickers regardless of the orchard
type, in addition, growers will still need an operator for each robot and four workers on

each platform.

Adding Envy to the bi-varietal orchard marginally increased the pickers required. Even
though more pickers have to be recruited to harvest all three varieties, each hectare of
Envy can be harvested faster than other two varieties because of the size and weight of
Envy and its lower fruit density per tree. For example, completing harvest of Envy
quickly allows growers to allocate the remaining pickers to harvest Jazz within the
limited harvesting window given the assumption that orchard area is allocated equally

across varieties.

Adding Envy extends the overlapping harvesting windows between the planted
varieties. As a result, more pickers have to be hired to harvest all varieties within their
limited harvesting window, the harvesting period now runs from the second week of
February through the first week of May — 13 weeks, compared with 12 weeks of the bi-
varietal orchard planted with Jazz and Royal Gala. This provides growers with more
flexibility in allocating labour especially when labour availability is uncertain, as some
growers may hire more labour than they need for the early harvesting season,
considering the longer overlapping window between Jazz and Royal Gala as well as
ensuring that they will have enough labour for the Envy harvest (Table 6.4). This could
make it more difficult for smaller growers to compete for labour with larger growers
with multi-varietal orchards during the limited harvesting window (Calvin and Martin,
2010).

In terms of the number of robots and platforms required, harvesting bi-varietal orchards
required a greater number of robots and platforms compared to a multi-varietal orchard.

In per ha terms, harvesting bi-varietal orchards required on average 0.33 robots or 1.19
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platforms per ha compared to 0.22 robots per ha or 0.89 platforms per ha for multi-
varietal orchard. This is because of the fruit size and fruit density per tree in the bi-
varietal orchard planted with Jazz and Royal Gala compared to the multi-varietal
orchard with the addition of Envy, characterised by larger fruit size and lower number
of fruit per tree. This allows maximum utilisation of robots’ and platforms’ harvesting

capacities and spread of capacity over more area.

In addition, for the multi-varietal orchard, there is twenty days of overlapping
harvesting period between Royal Gala and Jazz as well as ten days overlap for Jazz and
Envy. This means that there is a longer overlapping harvesting window in the first
overlap than the second one meaning that growers will have to allocate more harvesting
units in the first overlap compared to the second one. Even though this may impose
more costs for growers as they need to purchase more robots or platforms in the first
overlap, however when compared to the bi-varietal orchard, growers are able to better
utilise robots or platforms to harvest varieties complementarily as the addition of Envy
increases the harvesting span for another month meaning purchased robots or platforms
could still be utilised in the second overlap to substitute more labour and harvest fruit.
6.6. Robot’s break-even price

The break-even prices for a robot, or the price at which the NPV is zero in the single-
varietal orchard are influenced by orchard size and varietal composition (Table 6.6).
Across all orchard sizes examined for each variety (10 ha - 200 ha), the break-even
price for a robot averaged $2,924,421 for Envy, $674,895 for Jazz, and $689,608 for
Royal Gala. For all three varieties, the break-even price exceeded the assumed value of
the robot (i.e. $500,000). For example, for 10 ha orchard size, this means that the price
of robot can increase by approximately 80% for Envy, 13% for Jazz, and 17% for Royal

Gala, and be economically feasible to invest in the technology for all varieties.

The break-even results indicated that the capital investment and operating costs over the
useful life of a robotic harvester cannot be compared with available alternatives namely
platform harvesting system. However, this comparison is based on the assumptions of
the analysis such as the useful life of the robot, apple variety yield and value, and labour
costs for harvest. For example, the break-even level of an investment for a robotic
harvester for 10 ha of Envy is $2,486,650, which is $1,986,650 higher than the assumed
base price for robot and $2,366,650 higher than the assumed price for a platform.

Similarly, this has been found previously in the break-even analysis of AMS with the
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investment and operating costs over the life of an AMS when compared to those of
traditional milking systems based on the assumptions of the analysis, such as the life of
the equipment, herd milk production, and milking labour costs (Dijkhuizen et al., 1997,
Hyde and Engel, 2002; Shockley et al., 2019). In a similar vein, Shockley et al., (2019)
analysed the break-even investment for autonomous field machinery in grain crop
production, indicating that the break-even investment price varies based on the
economic benefits resulting from the adoption of autonomous machinery such as grain
prices and farm size.

Table 6.6. Summary of robot’s break-even purchase prices for three apple
varieties in the single-varietal orchard in full production for
different orchard sizes.

Break-even price ($)

Orchard size (ha) Envy Jazz Royal Gala
10 2,486,650 575,290 605,650
20 2,843,250 632,000 599,475
30 2,986,000 669,640 703,300
40 2,950,000 679,970 710,200
50 3,018,560 685,830 717,446
100 3,067,930 706,850 739,787
200 3,118,560 774,684 751,400

Any prices for a robotic harvester above $2,486,650 will make harvesting 10 ha of Envy
non-profitable, whereas for 10 ha of each of Jazz and Royal Gala, the break-even price
of the robot has to be lower than $575,290 and $605,650, respectively, to make it
economically advantageous to invest in the technology for harvesting these two
varieties. On the other hand, if cost was higher, then growers could consider investment
in alternatives such as platform harvesting system, to justify their investment and
ultimately switch to robot harvesting when it becomes financially feasible. This is
evident from the adoption of AMS in New Zealand, where most farmers had considered
utilising the robotic milkers in their farms but waited for the technology to improve and
become more affordable, while utilising their current milking systems (Woodford et al.,
2015).

6.7. Sensitivity analysis

This section provides the results for the impacts on the NPV of the investment in robot
harvesting 10 ha of Envy orchard based on the changes made on key factors affecting
the investment in the harvesting robots including robot’s purchase price, and harvesting

speed and efficiency as well as labour’s availability, efficiency, and wages. Envy is
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selected as the only variety for the sensitivity analyses given its relatively higher returns
compared to Jazz or Royal Gala, which could make it more appealing for growers to

consider utilising robotic harvester for compared to other two varieties.

6.7.1. Decrease in purchase price of robot

Robot price is of particular interest in this research given it makes up a significant
portion of fixed cost of the investment. Potential adopters of a robotic harvester may
consider robot price as a key decision-making criterion that will further justify their
investment to reduce their reliance on pickers by having equal or close enough returns
to that of platform or manual harvesting system. Sensitivity analysis on the robot price
identified the equivalent levels of investment to make the robotic harvester as profitable

as the available alternatives, i.e. platform and manual harvesting system (Table 6.7).

Based on the results, to make robot harvesting of 10 ha of Envy orchard as profitable as
those of manual and platform harvesting system, a price of $291,783 and $440,093 per

robot would be required, respectively. These prices could replicate the decreasing price
trend of the robotic harvester in the long-term as the technology advances and becomes
more affordable for potential adopters, as it has been the case with AMS (Woodford et

al., 2015). The robot at its assumed base price of $500,000 may be too expensive for

small growers and may be affordable only by large orchardists.

Comparing these prices to those of harvest-assist machines, e.g. platforms that are
commercially available but at prices ranging from $70,000 to $180,000 (Zhang and
Heinemann, 2017; Sinnett et al., 2018; Zhang et al., 2019), it is expected that the robotic
harvest technology can replace platform harvesting system in future when it becomes
more affordable and its harvesting efficiency improves matching that of platform or
even pickers, then it would become more appealing for growers or potential adopters to
invest in the technology. For example, potential adopters of AMS waited for several
years for the technology to advance and become more affordable and accessible before
making the investment decision (Woodford et al., 2015).

Table 6.7. Impact of changes in the purchase cost of a robotic harvester on the
NPV (10 ha of Envy orchard in full production)

Robot purchase cost ($) NPV ($)
Assumed 500,000 7,270,874
Break-even 2,486,650 Zero
Platform harvesting’s equivalent level of profit 440,093 7,490,126
Manual harvesting’s equivalent level of profit 291,783 8,032,921
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Note that the purchase cost of the robot should not be the only factor to consider when
making the investment decision. Inclusion of robots changes the labour to capital ratio
by an average of 48% to 54% across varieties and orchard sizes compared to manual
harvesting system. This will be important for growers who have trouble sourcing labour
for harvesting or feeling that their current labour cannot meet their expectations.

6.7.2. Increasing harvesting speed

Changing the speed of harvesting, i.e. reducing the time robots take to remove an apple,
while maintaining efficiency at 80%, increased the NPV in the Envy orchard linearly
(Table 6.8). A 5% reduction in time from one second to 0.95 second lifted the NPV by
2% ($7.3 to $7.4 million, Table 6.2 and Table 6.8) and the IRR by 16%, but maintained
the same number of robots at four, robots spend less time harvesting each tree thus
covering more area of the orchard or harvesting more trees per hectare, thus reducing
the number of pickers to harvest the same area.

Table 6.8. Summary of sensitivity analysis for increasing robot’s harvesting speed
(10 ha Envy orchard in full production, per 18 days harvesting window)

Harvesting Pickers  No. of NPV ($) IRR (%)
Speed Efficiency (%) (FTE)  robots
(second/apple)

1.00 80 8.76 4 7,270,874 24.73
0.95 80 7.83 4 7,390,621 24.89
0.90 80 11.72 3 7,289,582 24.86
0.85 80 10.85 3 7,408,844 24.99
0.80 80 9.87 3 7,573,119 25.29
0.75 80 8.76 3 7,759,399 25.63
0.70 80 7.49 3 7,972,314 26.01

When the harvesting speed of the robot was 0.90 second per apple, the number of robots
dropped from four to three as robots could not operate with excess capacity, but it
increased pickers required, by 2.96 FTEs compared to the scenario with a speed of one
second per apple, even though more area could now be covered by each robot.
However, the NPV still increased because the operating and fixed costs of robots and
overall costs of the investment were reduced due to using a lower number of robots,
even though more pickers were hired — a trade-off between labour costs and robot costs.
Increasing the speed of robots further, even though the number of robots did not change,
the number of pickers fell as each robot harvested faster thus covering more area and

substituting labour.

Running the robot at the speed of 0.70 second per apple was the best harvesting speed
compared to the default speed of 1.0 second per apple, as the number of pickers dropped
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by 14% (from 8.76 to 7.49 FTEs), while using less robots and pickers, and harvesting
more of the orchard with an increase of 8% in NPV (from $7.27 to $7.97 million) and
5% in IRR (from 24.73% to 26.01%). The increase in the NPV and IRR is due to the

reduction in the costs incurred from using a lower number of robots and pickers.

6.7.3. Increasing harvesting efficiency

Increasing harvesting efficiency, or the percentage of fruit per tree picked by robot,
increases the NPV and IRR for the Envy orchard (Table 6.9). Increasing harvesting
efficiency slows down robots as it takes longer to harvest each tree but increases robot-
harvested yield, which substitutes more pickers. For example, if a robot harvests a tree
with 100 apples at 80% efficiency and one second per fruit, the robot will take 80
seconds per tree, if the efficiency increases to 85%, then the robot will take 5 seconds
longer. Assuming a tree density of 2,400 per ha, this increases harvesting time per ha by
3.33 hours.

Table 6.9. Summary of sensitivity analysis for increasing robot’s harvesting
efficiency (10 ha Envy orchard in full production, per 18 days
harvesting window)

Harvesting Pickers  No. of NPV ($) IRR (%)

Speed Efficiency (%) (FTE)  robots
(second/apple)

1.00 80 8.76 4 7,270,874 24.73
1.00 85 8.84 4 7,305,681 24.80
1.00 90 8.91 4 7,336,878 24.86
1.00 95 4.59 5 7,584,735 25.18
1.00 100 4.66 5 7,615,241 25.24

When the harvesting efficiency of the robot was 95%, the number of robots increased
from four to five as operate slower, but it decreased pickers required, by over 50%
compared to scenario with 80% efficiency. However, the NPV still increased despite
adding one extra robot, this is because of increased yield as harvesting efficiency
increases. Running the robots more efficiently increases the unharvested area while
decreasing the unharvested yield from harvesting efficiency of the robots. It is assumed
that pickers pick fruit from the area unharvested by robots with a higher efficiency than
the unharvested fruit left by robots. Therefore, as harvesting efficiency increases the
harvested yield by pickers from the unharvested area increases, while the harvested
yield due to harvesting efficiency of the robots decreases. As a result, the overall
harvested yield increases at an increasing rate as harvesting efficiency of the robot
increases, resulting in a higher NPV, IRR, and labour substitution. The key point is

there is no need to hire more labour as the efficiency rate increases.
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Robots can be operated at a range of efficiency rates and where the highest NPV and
IRR are generated can be a defining factor in identifying the most efficient rate, which
is running the robot at its full efficiency rate of 100%, which can significantly alter the
labour to capital ratio by eliminating the need for pickers by 47% (from 8.76 to 4.66
FTEs) while harvesting all fruit from trees using robots and pickers, and increasing
NPV by 5% with the highest IRR of 25.24%, compared to the default case. However, in
reality it may not be possible for the robot to harvest 100% of the identified apples on

trees.

It must be remembered that running the robot more efficiently may not be the most ideal
strategy, even though robots can harvest more apples per tree, however it slows down
the overall harvesting speed of robots that has to be compensated with buying more
robots. It can work well on the block that robots harvest but because of the time
constraint it would be problematic as fruit have to be harvested within the limited
harvesting window, otherwise late harvested or unharvested fruit may not be suitable for

the export market or otherwise considered waste.

6.7.4. Increasing harvesting speed and efficiency simultaneously

As shown in Table 6.10, the first two entries are the base situation and the maximum
efficiency from Table 6.9. Each one of the combinations in the table may be considered
as the best combination at its own merit — taking into account the trade-off between
speed and efficiency in relation to the NPV and IRR, and labour substitution and
complementarity with robots. For example, at harvest speed of 0.75 seconds per apple
and an efficiency of 80%, the number of pickers is identical to the first scenario, but the
number of robots is lower, and the NPV and IRR are higher.

Running the robot at one second per apple and 100% efficiency significantly changes
the labour to capital ratio as it reduces pickers required by 47% (from 8.76 to 4.66
FTEs), however, it requires a higher capital investment as more robots are required even
though a higher NPV and IRR are generated compared to 0.75 and 80% case. This
demonstrates that depending on the labour to capital ratio and what is important to
potential adopters, speed or efficiency could be the key parameter in the modelled

orchard.

For growers who have trouble sourcing pickers due to the labour shortages, substituting

as many pickers with the highest possible number of robots could be the option as is the
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case with the speed of one second per apple and efficiency of 100%. However, for those
growers who may not be financially stable and do not have trouble sourcing pickers
then saving up to buy more robots while hiring more pickers could be appealing as is
the case in the combinations of 0.75 seconds per apple and 80% or 0.70 seconds per
apple and 80%.

Table 6.10. Summary of sensitivity analysis for increasing robot’s harvesting
speed and efficiency (10 Envy orchard in full production, per 18 days
harvesting window)

Harvesting Pickers  No. of NPV ($) IRR (%)

Speed Efficiency (%) (FTE)  robots
(second/apple)

1.00 80 8.76 4 7,270,874 24.73
1.00 100 4.66 5 7,615,241 25.24
0.95 85 7.91 4 7,470,597 25.13
0.90 85 6.88 4 7,602,698 25.29
0.90 90 6.96 4 7,688,353 25.56
0.75 80 8.76 3 7,759,399 25.63
0.70 85 7.58 3 8,008,233 26.08

Robots should harvest faster but not necessarily as more efficient to achieve the best
outcome in terms of the labour substitution with robots and the NPV. If robot was
harvesting fastest (i.e. 0.70 seconds per apple) but not harvesting all fruit (i.e. 85%),
growers can substitute more labour with a lower capital requirement using a lower number
of robots, and generate $737,359 more returns compared to the base case, and $392,993
more returns compared to the case of one second per apple and 100% efficiency. This
also allows robots to harvest the block faster in the limited harvesting window than if it
was to harvest faster and more efficient.

Labour uncertainties

Harvesting the orchard with robots requires two types of labour: skilled labour to
operate the robot and pickers to pick unharvested fruit due to the assumed harvesting
speed and efficiency. Therefore, three sensitivity analyses were conducted to assess the
impacts of changes in uncertainties associated with using labour including wages,
availability, and efficiency on the NPV and IRR of the investment decision for 10 ha of
Envy orchard.

6.7.5. Increase in labour wages

Increasing labour wages for robot operators, pickers, and post-harvest operators by 5%
had a relatively small effect on the NPV with an IRR of 24.16%, warranting the
profitability of the investment (Table 6.11). Increasing wages by 50% for robot

operators and 5% for pickers and post-harvest operators decreased the NPV by 19% at
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which the investment still generated positive returns. Therefore, even at a higher wage
rate the NPV is still positive and investment is feasible, but the key element is labour
availability that can have a higher impact on the NPV, which will be analysed in the
subsequent section.

Table 6.11. Summary of sensitivity analysis to increases in labour wages
(10 ha of Envy orchard in full production)

Wages NPV ($) IRR (%)
Robot operator Harvest  Post-harvest

($/hr) ($/kg) ($/kg)
36.00 0.12 0.42 7,270,874 24.73
37.80 0.13 0.44 6,993,283 24.16
39.69 0.13 0.46 6,756,049 23.67
41.67 0.14 0.49 6,376,995 22.88
54.00 0.14 0.49 6,180,042 22.46

6.7.6. Reduction in labour availability

As long as growers can source their robot operators, labour shortages for harvest cannot
interfere with the robot harvesting process given a robot does not rely on pickers during
the harvesting process. However, the labour availability becomes important when
growers intend to harvest fruit for the second pick given there are unharvested fruit from
the unharvested area and harvesting efficiency and speed of the robots. Therefore, if
labour availability for harvest is uncertain, growers will not be able to pick these fruit,
which would result in a significant drop in the NPV, but the return prospective of the
investment is still warranted. Reducing the availability of pickers for robot harvesting
by 30 and 50% decreased the NPV by 35 and 57%, respectively (Table 6.12).

Table 6.12. Summary of sensitivity analysis to decreases in labour availability (10
ha Envy orchard in full production, 18 days harvesting window)

Pickers availability (%) NPV (3$) IRR (%)
100 7,270,874 24.73

70 5,393,702 20.79

50 4,642,833 19.08

From the most optimistic (i.e. 50%) to the most pessimistic (i.e. 30%) scenario of
available labour pool, growers will make $1.87 to $2.63 million less returns,
respectively with the return probability of the investment varies between 19.08 to
20.79%. However, a high return probability may not be convincing in the case of labour
shortages. This would be problematic for the orchard industry as fruit has to be
harvested within the limited harvesting window. As a result, growers may consider

leaving the industry or utilising other alternatives such as platform harvesting system to
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not only reduce their dependencies on pickers but also increase the efficiency of
workers (Sinnett et al., 2016).

Labour availability can also be affected by the skill levels and skill types of workers.
For example, different skillsets are required for pre-harvest labour operations and post-
harvest labour operations given they are different operations. As a result, employers
cannot easily substitute labour from one operation to another (Cassey et al., 2016). Any
shocks to the labour market can create a sudden labour shortage in particular for skilled
level operations (Cassey et al., 2016). For example, as in the context of the current
research, in the case of widespread labour shortages in the horticulture industry,
employers may increase demand for manual harvest or post-harvest labour, but they
cannot fully substitute the labour for operators because of the skill level required to
operate the robot due to its complex nature of operation. For employers it may be more
costly and time consuming to train a robot operator with no prior experience than a
manual labourer for the harvest and post-harvest operations. As a result, employers may
increase the demand for operators by increasing the wages more compared to manual

harvesting or manual post-harvesting roles.

Based on the results, it is expected that the availability of robot operators could have the
highest impact on wages in future when robots are commercially available and its
operations advances and becomes more complex thus requiring more skilled workers
demanding higher wages, which could make it more difficult for employers to move

labour from other operations or even sectors.

6.7.7. Reduction in labour availability and labour efficiency

Offering a higher wage would not affect the outcomes (Table 6.11), but if there is
insufficient labour available to pick the fruit then it will affect the NPV and IRR of the
investment (Table 6.12). This section discusses the results of the analysis for the impact
of reducing both the labour availability and labour efficiency on the NPV (Table 6.13).
Note that these changes do not represent the real case scenarios because it is unknown
how the availability of labour affects the efficiency of harvesting labour and

consequently the NPV of the orchard business.

As can be observed from the results, NPV is significantly reduced as labour availability
and labour efficiency are reduced. Comparing the default case with the changes in the

labour availability and efficiency, if growers have only 70% labour available, it is
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assumed they experience a total of 10% reduction in the efficiency of their pickers, but
this results in generating $1.42 million less income. Reducing their available labour
pool by half and labour efficiency by 20%, growers will lose almost $2.3 million in
profit. As the availability of labour becomes more constraining and the efficiency of
labour drops, not all unharvested fruit by robot can be picked or if picked they may not
be suitable for export market due to lower graded quality, and this will reduce the total

exportable harvested yield and consequently the profitability of orchard.

Notwithstanding, if picker efficiency decreases the profitability of other varieties (i.e.
Jazz and Royal Gala) may also decline because it is more profitable to pick them
manually and not by robot (Table 6.1 and Table 6.2). Thus, as labour efficiency drops
harvesting these varieties becomes less profitable, while robot harvesting becomes more
competitive.

Table 6.13. Summary of sensitivity analysis to decreases in labour availability and
efficiency (10 ha of Envy orchard in full production)

Pickers Pickers’ efficiency for NPV ($) IRR (%)
availability (%) ~ Robots’ unharvested Robots® harvested
area (%) area (%)
100 90 85 7,270,874 24,73
70 85 80 5,846,127 21.77
50 80 75 4,980,197 19.86

It is important to note that the significant reductions observed in the NPV is more related
to the availability of labour than the efficiency. This is self-explanatory when comparing
the results in Table 6.12 and Table 6.13. There is not a big difference between the NPVs
when only the labour availability is reduced compared to the case of reducing the
availability and the efficiency of labour. Therefore, the profitability of robot harvesting
in particular for a relatively high value and high yield variety (i.e. Envy) is directly related
to the availability of labour in this case. Therefore, it is profitable for growers to utilise
robot harvesting only when they have at least 50% of their required pickers available.
Otherwise, the robot needs to operate faster and be efficient enough to substitute more
labour (Table 6.10), or growers could purchase more robots, even though it has been
assumed that growers do not purchase robots in excess capacity in the single-varietal
orchard. This option could be more suitable for larger growers who are financially stable
but have trouble supplying their required labour and do not mind if they cannot utilise
their additional purchased robots in their full harvesting capacity.
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Growers may have no control or choice over the availability of labour or even selecting
the experienced pickers from the available labour pool, but they may have the option to
manage pickers with no prior experience by providing them with minimal training to
improve their picking performance and efficiency. However, in reality this may not
always be feasible depending on the trainability and interest of pickers and more
importantly given that fruit has to be picked within the limited picking window, thus not
much time could be spent for training new pickers, while for smaller growers training

costs could also be a hurdle.

In addition, growers may want pickers to work harder and faster given the limited
picking window and pick as much fruit as possible with easier access meaning that for
example, they may leave the top grown fruit unpicked as it is harder to reach and it can
take longer to pick. As pickers speed up picking low hanging fruit, growers may end up
with a higher percentage of lower quality graded fruit that may not suit the export
market, resulting in lower packout rate and return as these lower graded fruit are priced

lower and more suitable for local or processing market.

Even though operating the robot faster and more efficient may be an easier and more
desirable option for growers that are coping with the labour shortages, but this may not
be possible at the current development stage of the robot. However, growers may still
not accept the lower harvest efficiency of labour because of the short harvesting
window and limited labour pool (Zhang et al., 2017). As a result, they may consider
utilising alternatives such as platform harvesting system in the interim to reduce the
pressure on the business profit and better cope with the availability and quality of labour
(Sinnett et al., 2018). However, it must be remembered that growers cannot completely
replace labour with a platform as it does not significantly reduce the labour requirement
as discussed in section 6.3 and 6.4, rather it may make labour more efficient (Sinnett et
al., 2018). For example, utilising platforms to harvest a 10 ha of Envy orchard reduces
the labour requirement by only 7% compared to 52% when utilising robot and pickers
(Table 6.1, Table 6.2, and Table 6.3).

Previous research is not conclusive on the benefits of utilising platforms on increasing
the efficiency of labour. Elkins et al. (2011) and van der Merwe (2015) found that the
gained efficiency from utilising platforms for harvesting depends on the orchard design
e.g. tree height and structure, while the prior experience and training of workers with

using the machine and working as a team are also important (Wells et al., 2017).
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However, other researchers have indicated that utilising platforms to harvest increases
labour efficiency or the time taken to harvest apples (Sinnett et al., 2018) compared to
using a ladder, and depending on the variety picked, by 10 to 49% (Schupp et al., 2011),
15 to 33% (Hornblower, 2016), 29% (Zhang and Heinemann, 2017), 20 to 65%
(Baugher et al., 2009), and 43 to 63% (Zhang et al., 2017).

Utilising platforms as the only harvesting solution in the orchard may not be the
ultimate answer for growers coping with the labour shortages but if platforms are
utilised complementarily with robots to further substitute the labour requirements, it
may be a better solution in this situation. However, this will greatly alter the labour to
capital ratio as purchasing and operating platforms requires a greater capital investment
in addition to purchasing and operating robots, which may only be feasible for bigger
growers who are financially stable and supplying labour is their only problem.

6.8. Orchard system transition

As discussed in chapter 5, the orchard system transition provides growers with the
opportunity to switch from manual to platform as the most viable option in coping with
labour shortages given that robots are still in commercial trial stage. The model
incorporates key decision factors including tree canopy structure and variety into one
model to assess the investment decision. The model evaluates the profitability of 5 ha of
replanted orchard under two scenarios: Replacing all Braeburn (3D) with Envy (2D) in
the first year, i.e. 5 ha in one year or replacing Braeburn (3D) with Envy (2D) over the
period of five years, i.e. 1 ha per year (Table 6.14).

Table 6.14. Summary of orchard system transition with scenario one: Replanting
5 ha in the first year and scenario two: Replanting 5 ha over five years
(Based on full production level — year six).

Scenario  Total yield No. of Platforms FTE  Pickers NPV ($) IRR (%)
(kg)* platforms (FTE)?

One 484,091 2 8 4.53 11,781,953 26.53

Two 484,091 2 8 4.53 10,862,345 22.66

Total yield includes platform and manual harvested yield for the new orchard.
2Pickers FTE required to complement platform harvesting.

Replacing 5 ha of Braeburn with Envy in the first year (i.e. scenario one) generated an
NPV of $11.78 million compared to $10.86 million for scenario two of replacing 1 ha of
Braeburn with Envy over a period of five years over the 25 years, where the profitability
outlook of the investment for both scenarios guarantee a positive returns. Considering
the generated cash flow of both scenarios over ten years (Figure 6.1), growers can get a

cash flow from 100% of replanted trees in year six by implementing scenario one given
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all replanted trees reach full production at the same time, whereas in scenario two due to
the gradual tree replacement at an annual rate of 20% over five years, the full
production level for all replanted trees are delayed until years ten, resulting in lower
total income from the orchard system transition. As a side note, the resultant NPVs and
total cash flow also include the cash flow from the current orchard (i.e. 15 ha baseline
orchard model) planted with Jazz and Royal Gala.

1,200

1,000
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0

Total cash flow (S ,000)

-200
-400

Year

Scenario one == a= Scenario two

Figure 6.1. Total cash flow of orchard system transition year 1-10 with scenario
one: Replanting 5 ha in the first year and scenario two: Replanting 5
ha over five years.

In scenario two, even though growers had four years of cash flow from Braeburn while
replacing the trees, in the analysis these cash flows were insufficient to generate
relatively more net returns for growers compared to when orchard was replaced all at
once with Envy in the first year. In both scenarios, a positive NPV is a necessary but not
a sufficient condition to trigger the investment in the orchard system transition when
comparing the profitability between the two scenarios. This is because investment in
orchard system transition and platform harvesting requires a substantial capital
investment. For growers who have trouble acquiring labour and are keen to reduce their
in-orchard labour requirement, then scenario one may be more appealing. On the other
hand, if a grower is not financially stable, any additional expenditures may put the
orchard business at risk, then scenario two may be more appealing despite making
lower returns. For growers it might be important to have a cash flow for the first five
years to financially support the business with the orchard system transition while
gradually adapting to the new system and improving their tree management practices

(e.g. pruning) suitable for platform, and ultimately robot harvesting.

145



Beyond the differences of net returns between the two scenarios, growers can use the
replanted section as a trial orchard to assess the feasibility of replanting the entire
orchard without being required to invest significantly in the entire orchard and have the
option to use the cash flow from the established orchard to financially support
establishing and maintaining the new orchard. In addition, the replanted orchard has the
potential of generating higher profit by replanting Braeburn with Envy, thus producing

higher value and yield fruit comparatively.

Both scenarios warrant the future possibility of utilising robot harvesting when robots
will become commercially available, given the orchard is structured in a 2D tree canopy
structure. In addition, it will allow an easier and smoother transition to robot harvesting
when the technology becomes commercially available. In a similar vein, this has been
shown with the adoption of AMS, even though the robot can potentially eliminate the
labour need for milking cows, it can greatly alter the labour to capital ratio as it requires
a great capital investment — which may make the investment decision more difficult for
farmers who are already carrying a large financial debt yet have trouble acquiring
milking labour (Dijkhuizen et al., 1997). In addition, research on adoption of AMS
technology in New Zealand indicate that some farmers have recognised the importance
of having multiple sources of incomes to reduce the risks associated with the early
adoption of any new technology namely AMS (Woodford et al., 2015).

6.9. Twenty-four hours robot operation

Although, the potential benefit of robotic harvester can be improved if it is used to
harvest an orchard planted with a relatively high value and high yield variety such as
Envy, however, a significant change in production could be achieved with the
possibility of robot harvests fruit 24 hours a day, which may increase the profitability of
orchard and even generating more returns to harvest relatively lower values and yielding

varieties.

As expected, it is more profitable to operate the robots twenty-four hours than merely
daylight hours (Table 6.15). For example, the NPV per ha of single-varietal Envy
orchard increased from $727,087 per ha with daylight hours operation to $829,966 per
ha with 24 hours operation while robot harvested yield per ha increased from 69,413
t/ha to 74,480 t/ha using 60% less robots (from five to two robots) and 15% less pickers
(from 8.76 to 7.41 FTESs), and providing a higher warrant on the profitability of the
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investment with an increase in IRR from 24.73 to 26.73%. A similar trend is also
observed for each of Jazz and Royal Gala.

Table 6.15. Robot harvesting 10 ha single-varietal orchard for three apple varieties
(24 hours operation with excess capacity)
Variety Harvested yield (kg) No. of Pickers NPV ($) IRR (%)
robots (FTE)

Robot Manual
Envy 746,803 226,863 2 7.41 8,299,667 26.73
Jazz 687,160 208,744 3 6.82 1,326,951 9.96
Royal Gala 695,174 221,748 3 7.25 1,390,128 9.99

Comparing the outcomes of the analysis with the single-varietal orchard’s (Table 6.2),
although higher net returns are generated across varieties comparatively, the relativity
between the outcomes of the analysis have not changed — having a relatively high value
and or yielding variety (i.e. Envy) can generate a higher net return and provide a better
prospective on the profitability of the investment compared to a relatively low value or
yielding variety (i.e. Jazz or Royal Gala). Note that the resultant changes are observed
with the assumption that robots are allowed to operate in excess capacity when operated

for 24 hour a day.

Beyond the numerical aspect of the model, the outcomes signify the application and
adaptability of the model to changing dynamics by allowing to incorporate new
parameters and assumptions based on changes and advancements of the robot
technology (i.e. 24 hours a day operation), and examine how such changes could affect
the performance and profitability of robot harvesting. This is a key aspect of the model
considering that the robotic technology is a fast-moving area, where new changes and
advancements happen every day, which require the adaptability of those who study and
model the adoption feasibility and application of these robots.

6.10. Conclusion

The economic results presented here are predicated on conservative assumptions due to
lack of information on capital investment and operating costs as well as the performance
of the robotic harvest technology. In addition, the technology is not yet commercially
available, thus no commercial information is available and no previous researches have
studied the feasibility of the technology. This chapter aimed to analyse the economic
feasibility of utilising a robotic harvest technology based on single-varietal and multi-
varietal orchard models compared to platform and manual harvesting system — taking

into account key factors such as orchard size, canopy structure, and apple variety.
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The results of the analysis identified varietal value and yield as the key drivers of the
orchard profitability across all orchard sizes. For relatively low value and or yielding
varieties such as Jazz or Royal Gala, robots are less profitable in single-varietal orchard
compared to bi-varietal orchard planted with relatively low value and yielding varieties.
In a multi-varietal orchard, a relatively high value and high yield variety, such as Envy,
is crucial to compensate for the costs incurred for robot harvesting other varieties.
Findings of the present study revealed that the greatest potential benefit of utilising
harvesting robots was reducing the number of pickers required by an average of 52%,

and platform harvesting by an average of 7%.

The purchase cost of robot is considered as the most expensive element in the
investment decision that could affect the profitability of robot harvesting in particular
harvesting lower value or lower yield variety. Therefore, the break-even investment
price for the robot was assessed across varieties and orchard sizes in the single-varietal
orchard. The break-even purchase price averaged $2,924,421 for Envy, $674,895 for
Jazz, and $689,608 for Royal Gala.

Sensitivity analyses showed that both speed and efficiency are key parameters in the
modelled orchard and positively affected the net returns of the investment and must be
considered by researchers and manufacturers. However, for developers and potential
adopters of robots, it should be more important that robots operate faster, but not
necessarily as more efficient in order to generate more profit while substituting the
highest number of pickers and leaving less unharvested fruit on trees in the limited
harvesting window. In addition, a reduction in robot price by 12% and 42% can
generate an equivalent level of profit as that of manual or platform harvesting,
respectively. NPV and IRR were more affected by decreases in labour efficiency and

availability than wage increases.

The results of the orchard system transition scenario revealed that growers will be able
to make more profit from their orchard by having the old trees all replanted in the first
year and reaching full production for the entire orchard in year six compared to the
second scenario with a gradual replantation over a period of five years, where full
production is reached in year ten for the entire orchard. Growers who are not financially
stable, scenario two may be a better option as it generated a cash flow from the older
variety while replantation is completed. It also provides a more gradual transition from

manual to platform harvesting and finally robot harvesting, allowing growers to better
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adapt with a new system by levelling up their tree management skills to maintain tress

for platform harvesting.

The outcomes of the analysis of operating the robot for 24 hour a day revealed that
growers will generate higher returns at the current harvesting speed and harvesting
efficiency compared to operating the robot in daylight hours in the single-varietal
orchard, while using less pickers and smaller number of robots with a higher robot
harvested yield, NPV, and IRR.

149



150



Chapter 7. Conclusion

This chapter summarises and concludes the findings of the thesis. The first section of
the chapter discusses the research question, aim, and objectives. Next, the chapter
discusses the finding of the analysis and links the research objectives and the results.
Furthermore, the chapter explains the implications of using robotic technology from
different aspects. Finally, the limitations of the developed model are explained, which
could be considered as opportunities for future research.

7.1. Research summary and conclusion

7.1.1. Introduction and research background

The New Zealand apple industry is the second-largest fresh fruit export industry in New
Zealand after kiwifruit with an export value of nearly $900 million in 2020 (MPI, 2019
and 2020). The industry relies on manual labour throughout the year (Pollard, 2018;
MPI 2019 and 2020). In recent years, labour shortages for harvesting have been
jeopardising the competitiveness and profitability of the apple industry around the world
and particularly in New Zealand. This has led industry participants to consider use of
alternative technologies as a solution to deal with labour shortages, one of the
alternative technologies is robotic harvesting of apples. However, robotic apple
harvesters are still in the commercial trial stage, and therefore, there are no examples of
the experience and performance of commercial orchards adopting the robotic harvester,
as well as no evidence or commercial information about robotic harvester performance

and operating that represents best practice.

In addition, no studies have assessed the economic feasibility of the technology. This
study responds to the researchers who suggested use of the robotic harvest technology
as another alternative to address labour shortages, but have not conducted a feasibility
analysis for the technology (Calvin and Martin, 2010; Merwe, 2015; Sinnett et al., 2018;
Zhang, 2018). As such, findings of this research are highly relevant and valuable to
many researchers, apple growers, and industry participants around the world and
particularly in New Zealand. The simulations of various scenarios and resultant
outcomes of this thesis can provide a broad perspective and real insights for developers

and potential adopters of the technology.

7.1.2. Research question and aim

The main question that this research has aimed to answer was:
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Is robot harvesting Envy, Jazz, and Royal Gala varieties structured in two-dimensional

(2D) tree canopy system economically feasible in New Zealand fresh apple industry?

In order to answer the research question, this study identified key factors involved in the
investment decision process such as different apple varieties, orchard size and types
with various characteristics, and developed a model representing a range of biophysical
systems. Subsequently economic feasibility of these systems is analysed using NPV of
the investment as the method of analysis. The developed model incorporates various
aspects of apple production with respect to robot harvesting including physiological
(e.g. tree canopy structure and variety-specific characteristics), technological (e.g. robot
harvesting efficiency), and operation and economic trade-offs (e.g. purchase and

operating costs of robot).

7.1.3. Research objective

This thesis specifically focused on the following specific objectives:

1. To identify the economic feasibility of utilising robot or platform (an available
solution) on harvest operations of multiple varieties of apples with varying prices and
yields across different orchard sizes.

2. To identify the threshold and scale at which investment in a robotic harvester
becomes profitable for single-varietal, bi-varietal, and multi-varietal orchards using

different scenarios.

To answer these research objectives, a multi-faceted model was developed to assess the
returns from an investment in harvesting robot technology based on single-varietal, or
bi- and multi-varietal orchard models compared to platform and manual harvesting
systems, while taking into account key elements such as orchard size and variety-
specific characteristics, e.g. weight and value. The model determined the investment
returns for each orchard type across all varieties and orchard sizes utilising different

harvesting methods.

Results suggest that fruit value and yield are the key drivers for the adoption of
harvesting robots. Robots and platforms are economically less profitable for low value
and low yielding varieties in single-varietal orchards. In a bi-varietal orchard planted
with relatively low value and yielding varieties using robots and platforms generated
higher income than single-varietal orchard with a relatively low value and yielding

variety. In a multi-varietal orchard, a relatively high value and high yield variety is
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crucial to compensate for the costs incurred for robot harvesting other varieties. A
harvesting platform is a more feasible option than robot presently given robot is not
commercially available yet. Utilising harvesting robots reduced pickers required by an
average of 48% to 54% across varieties and orchard sizes compared to manual
harvesting, and platform harvesting by an average of 7% compared to manual
harvesting. This study also identified the break-even price for a robotic harvester in a
single-varietal orchard, and resultant break-even prices across three varieties exceeded
the assumed price for the robot (i.e. $500,000), with the highest price averaged
$2,924,421 for Envy as a higher value and yielding variety followed by $689,608 for
Royal Gala and $674,895 for Jazz, as lower value and yielding varieties, comparatively.

Sensitivity analysis for a single-varietal orchard model revealed that the NPV was
positively affected by an increases in harvesting speed as well as harvesting efficiency
of the robot. Robots should operate faster but not necessarily as more efficient to
achieve the best outcome in terms of the labour to capital ratio, substituting as many
pickers possible and generating a high net returns, and leaving less unharvested fruit on
trees within the limited harvesting window. Considering the impacts of the labour
uncertainties on the net returns of the investment, decreases in labour availability and
efficiency reduced the NPV of the investment more than the increases in labour wages.
Note that the resultant NPVs from all the analyses warranted the return prospective of
the investments given the resultants IRRs in all cases were significantly higher than the
assumed discount rate of the model (i.e. 5%).

For potential adopters these results mean that the investment in robots could be the
ultimate solution in coping with labour shortages, while for late adopters or those
growers who may not financially afford to invest in the robots or may be uncertain
about the performance of robots with respect to their prospective profitability and
purchase price, they can be assured that by waiting to adopt the robots they can expect
robots to improve more in terms of harvesting performance and become more affordable
and accessible, as this has been the case with the adoption of AMS (Woodford et al.,
2015).

7.2. Model limitations

7.2.1. Number of platforms
The information available on the number of platforms required with respect to the

orchard size being covered are not conclusive. Orchardists and operators believe one

153



platform could be used to harvest an orchard size ranging from 10, 12.5 to 24 hectares
in a season (Hardie, 2020; Sinnett et al., 2018). However, such information is
unavailable for a robotic harvester at its current stage of commercial trial. As such, it
would not be easy to make a complementary argument and comparison between the
outcomes of the analysis when making the investment decision on robotic or platform

harvesting system.

The number of harvesting platforms and robots required were calculated based on the
harvesting speed of each machine with respect to the harvested yield and area of the
orchard (see section 4.5.4). This provided a common point of reference and comparison
between the two systems with respect to the outcomes of the analysis given that the

same set of parameters and elements yet with different values are used for each system.

When comparing the outcomes for the platform from the analysis to the available
information, the number of platforms required for each orchard size may be higher than
what it is required in reality. However, it is important to note that despite such a
difference, the presented and discussed results fulfil the application of the developed
models in the context they were defined for in the current research — utilising robotic or
platform harvesting systems for relative profitability and performance while reducing
the reliance on pickers. This is attained by substituting more pickers with harvesting
platforms or robotic methods, thus resulting in a higher number of machines than what
it is required in reality. Notwithstanding, as more information comes available about the
performance of the robots in future, more realistic values for the parameters of the
analysis could be used to provide outcomes closer to the real application of the
technology in orchards.

7.2.2. Analytical method

The main focus of the current research is to evaluate the relative performance and
profitability of utilising a robotic harvester. Given the complexity of apple production as
well as the uncertainties involved in the investment and operation of the robotic
harvester, NPV was selected as the appropriate analytical tool to present the outcomes
of the analysis, which otherwise it would have not been possible if more sophisticated
analytical methods such as real option analysis or other analytical approaches discussed
in chapter 3 was used. Using such sophisticated approaches could be complicated by the
context of the current research having variation of types across orchards such as varietal

price and yield, and orchard sizes. In addition, when presenting outcomes, it would be
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difficult to disentangle the impacts of uncertainty and economics of investment. As a
result, the key aspect of the model — analysing the relative profitability and performance

of the technology, could have been lost by using a more complex analytical method.

Note that there are still elements of uncertainty related to the investment decision and
performance of robots such as harvesting efficiency and speed, labour wages,
availability, and efficiency, and purchase cost of robot that have been considered in the
sensitivity analysis to account for the risk of the investment. In the context of the
current research mainly being focused on the Hawke’s Bay region, it was not possible to
account for risks common across all regions given that the type of risks growers copes
with producing apples vary across regions and orchards both in New Zealand and
around the world. However, this research does acknowledge the weakness of NPV
approach as not being able to capture the uncertainties and irreversibility in an
investment decision (Dixit and Pindyck, 1994). Therefore, a more sophisticated
approach for investment analysis such as real option analysis or stochastic modelling
techniques may be an alternative for future research to account for other sources of
uncertainties in the model (Qstergaard, 1971; Wilkie, 1987).

7.2.3. Machine operation efficiency

For the simplicity of calculation, it is assumed that operation efficiency remains the
same across orchard size and varieties for each harvesting system. In reality, operation
efficiency may vary depending on orchard size, shape, and topography, which can affect
the harvesting direction and distance. Harvesting direction and distance of the robot
harvesting is determined by the length of orchard row and the number of orchard rows
(i.e. orchard blocks). For example, Tozer and Isbister (2007) have reported that wheat
harvesters run in ‘up and back’ or round and round harvesting directions, where ‘up and
back harvesting is more common than round and round harvesting in Western Australia
with the use of Global Positioning System (GPS) and autosteer equipped harvesters.
Further, the authors noted that harvesting distance for the harvesters were determined by
the area of a harvesting zone and the related geometrical properties. Therefore, if the
robots harvest in a round and round harvesting direction with short row distance, then it
Is expected that as orchard size increases operation efficiency may decrease
accordingly, given that the robots need to make more turns (i.e. round and round
harvesting) and go for re-fuelling more often in larger orchards. On the other hand, if

the robots harvest in a ‘up and back’ harvesting direction with longer orchard row
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distance, then as the orchard size increases the harvesting robots need to make less turns
per unit area, thus harvesting efficiency may increase. The average length of apple
orchard rows in New Zealand and the US are about 150 metres (McKay. L., personal
communication, 2019; Miller, n.d.). However, there is no information available about
what is the ideal orchard row for the optimal operation of robot.

In addition, in the current research, constant harvesting and operation efficiencies are
assumed over the time of the machine’s useful life to simplify the calculations.
However, over time efficiency may decrease as machines wear out or break down more.
When newer machines are purchased efficiency improves, which will impact on the
output of the model such as yield. For robot, such information is unavailable at this
stage of commercial trial, however, it is assumed that efficiency increases over time as
robot technology advances. To account for this, sensitivity analyses were conducted to
simulate the harvesting efficiency improvement and its impact on the profitability of

robot harvesting was analysed.

7.2.4. Labour allocation

In the current research, for the simplicity of calculations, it is assumed that 100% of
manual labours are available and allocated to each block. In reality, labour allocation
depends on how long it takes manual pickers to pick a block, which depends on how the
fruit colour has developed and the volume of the crop in that block. Every block/variety
is different and labour requirements should be adjusted accordingly (McKay. L.,

personal communication, 2019).

In addition, it is assumed that a robot is utilised to harvest the first pick and pickers will
be used for the second pick to harvest unharvested fruit (Wiltshire, 2019a). However,
yield may be different each year. Low yield for a particular year could mean that labour
may not be very efficient, among other reasons. Second pick as the unharvested fruit by
robot likely to take longer to be picked by manual labour given the assumption that
robot harvests fruit based on colour (Tao and Zhou, 2017), which could mean fruit are
harvested in an inconsistent pattern on trees. As a result, this may require pickers to
search all over tree and climb and descend the ladders more often to pick more fruit,
which can make the picking process longer and reducing picking efficiency. More
importantly, the time spent to pick fruit in the second pick could outweigh the value of
fruit. Therefore, the marginal cost of harvesting in the second pick could be higher than

the marginal value of fruit. Growers need to take into account the marginal cost of
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harvesting a high value and high yield variety (e.g. Envy) relative to its marginal value
when harvesting the orchard for several picks. If marginal value does not outweigh the
marginal cost of harvesting, then growers may be better off not to harvest the orchard

for several passes.

7.2.5. Number of robots and platforms calculation

In the present study, it is assumed that machines are purchased in integer numbers, i.e.
number of machines are rounded because machines cannot be partially purchased. This
has made the number of machines required more realistic as it has introduced use of
pickers to compensate for the number of machines as well as harvesting the unharvested
fruit due to the harvesting efficiency and speed of machines. However, growers may
decide to buy more machines but utilise the additional purchased machines below their
full operating capacity, thus the entire orchard area would be harvested by machines.
However, there would still be left-over fruit due to the harvesting efficiency and speed

of machines.

One may suggest that orchard sizes considered in the current research could be adjusted
in a way to make the number of machines a whole number by default. However, it must
be remembered that the harvesting speed of machines vary by variety and orchard size
because of the parameters assumed for each variety such as fruit weight and number of
fruit per tree. Changing orchard size changes harvesting speed meaning that everything
has to be changed when the calculation is performed for a different variety. Therefore, it
was simpler to take into consideration use of pickers to work around this problem. More
importantly, this will make the mechanical harvesting model more realistic given that in
reality harvesting machines are not going to replace manual labour completely due to
the assumed harvesting efficiency and speed.

7.2.6. Orchard age

In the present model, it is assumed that newly established orchard run for 25 years
based on the productive age of apple trees. Most growers may not make decision based
on the productive age of apple trees, but profitability, meaning they would keep trees
longer if they are profitable (Davis and Thiele, 1981). However, changes can occur
earlier in the orchard as new varieties are developed over time, thus growers will take

out older trees and replace them with newer cultivars.
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7.2.7. Sensitivity analysis

A note regarding the sensitivity analysis is that the results that come out of the analyses
are based on the mathematical construct. For example, considering the impacts of
increasing harvesting efficiency and speed on the number of robots required, the
number of robots could be different in reality because growers may decide to purchase
another robot to fully harvest unharvested fruit and substitute more labour. However, it
should be taken into consideration that purchasing an additional number of robots could

mean that growers may have to deal with the extra robots not working to full capacity.

7.2.8. Robots and platforms salvage value

In contrast to the single-varietal orchard, for the bi- and multi-varietal orchards, it is
assumed that machines (robots or platforms) can be purchased in excess capacity such
that the maximum capacity of machines is met and all fruit are harvested within the
harvesting window. In reality, operating machines up to their maximum capacity mean
that they operate longer, meaning they may wear out more quickly, thus reducing their
useful life and losing their value more quickly. However, given that bi- and multi-
varietal orchards are predicated on the single-varietal orchard model, and for the
simplicity of calculations, a constant salvage rate is assumed for operating machines

across all orchards.

7.2.9. Varietal price, yield, and demand

In the present model, for the simplicity of the calculations it is assumed that varietal
characteristics such as yield, price, and demand remain the same over the lifetime of the
orchard. However, in reality such attributes are subject to change over time depending on

market situations and customer preferences.

7.2.10. Harvesting window

For the simplicity of calculation, it is assumed that the harvesting window remains the
same across varieties included in the model. This is important for bi- and multi-varietal
orchards to avoid allocation of robot harvesting problem in overlapping harvesting
window. In addition, location defines the overlapping harvesting window, which can be
affected by climate change as will be discussed in section 7.3.2.

7.3. Implications

Widespread adoption of the robotic apple harvester in the agriculture industry can have
profound impacts and implications, which are discussed in this section. Even though

these implications may be more relevant in the context of the apple industry, it can also
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be relevant to other crop industries. The economic, technological, and horticultural
components incorporated into the developed bio-economic model can provide a
common ground for discussion and collaboration among participants of the industry
including academics, government, agribusinesses, growers, engineers and
manufacturers, and trade unions. There are implications that should be taken into
consideration beyond the assumptions and discussion of the current research, which
could help the participants of the industry to have a broader perspective in finding the
most effective solution in coping with the risks and uncertainties in the industry, e.g.

labour shortages.

Potential implications could be studied under various factors such as political,
economic, environmental, cultural, and social (Sparrow and Howard, 2020). However,
regardless based on what aspect the implications of using robots are analysed, how
robots are utilised will determine the balance between risks and benefits of using the
technology that could serve its defined objective and create a win-win scenario for all
participants of the industry (De George, 2003; Johnson, 2015). Therefore, it is important
to have a sound policy and framework in place to maximise the benefits and minimise
the risks (Sparrow and Howard, 2020). Note that the points that are discussed in this
section regarding the agricultural robotic industry also apply in the same manner to the
robotic apple harvester, given the robotic harvester is indeed part of the larger

agricultural robotic industry.

7.3.1. Policy and research

Even though introducing robotic harvesting has the potential to improve the
sustainability of apple production, it also poses a risk of ownership centralisation in the
industry as smaller or financially less wealthy growers could fail to adopt the
technology and benefit from it (Key, 2019; Sheng and Chancellor, 2019), given that the
purchase cost of the robot is considered as financially the most burdensome element of

the investment decision.

Policy makers and researchers could provide more support to make the robot more
affordable and accessible for utilisation by smaller growers and for wider ranges of
agricultural produces (Sparrow and Howard, 2020). For example, smaller orchardists
who grow both apples and pears could benefit from utilising the robotic harvester to
harvest both crops to reduce the risks and impacts of labour shortages. Moreover,

governments could fund the early adoption of the robots, which could ensure that
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smaller or growers with financial debts would also benefit from using the technology
(Fleming et al., 2018; Lowenberg-DeBoer et al., 2019).

Another anticipated outcome of utilising the robotic harvester would be a reduction in
labour employed in the apple industry and an increase in the use of capital. In the long-
run, it is highly likely that robots will be a substitute for manual labour and may result
in many people in rural areas losing their jobs especially people in fruit picking, food
handling, and food packing (Werkheiser, 2018). Therefore, it will be essential for
governments to develop policies to manage this labour outflow and minimise the social,

economic, and political implications.

In a broader sense, the horticulture industry will become more capital intensive, which
could make it more difficult for new orchardists to enter the industry or worse smaller
or financially struggling growers leaving the industry. Therefore, it will be necessary for
governments to collaborate with key industry participants including growers,
agribusinesses, and researchers to identify multi-objective agricultural policies and
initiatives with the specific purpose of facilitating the transition to a more automated

agricultural industry (Sparrow and Howard, 2020).

In addition, linking academic research with highly applied commercial research
beneficial for the industry and quantifying the possible impact of the use of robots in
agriculture will be essential (Lowenberg-DeBoer et al., 2020). One of the examples of
such collaborations is the recent initiative announced by the New Zealand government
named Agri-tech Industry Transformation Plan (ITP) — “a joint Government and
industry strategic approach” (HortNZ, 2020; RNZ, 2020). One of the initiatives is to
establish “a horticultural robotics academy” and to collaborate with local Agri-tech
companies to invest, develop, and commercialise robotics and automation systems in
horticulture as potential solutions for coping with challenges in the industry such as
labour shortages (Fyfe, 2020; HortNZ, 2020; RNZ, 2020).

As robotic technology becomes more sophisticated in terms of software and hardware
components built into it, thus a new support industry will be required to service such
technologies in agriculture. This is evident from the initiation of ITP by the New
Zealand government to better support the industry in future. Otherwise, without
sufficient support, the robotic harvesting system can be more a liability than an asset for

potential adopters (Dijkhuizen et al., 1997).
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It should be noted that such collaborations require a legal contract agreement in place to
clarify the extent and nature of the collaboration and do not be subject to modification
by regulation (Shah, 2018). This may put the legislators and policy makers under
pressure about the impacts and implications of regulation on the interests of all
participants of the industry in particular manufacturers who develop robots (Carbonell,
2016; Fleming et al., 2018; Wolfert et al., 2017). As a result, this could make it more
difficult for governments to mediate any potential conflicts between farmers and
manufacturers of robots about the control over the produced data from using robots on
farms given that robots have proprietary software installed on them and are more
integrated into the corporate IT systems than the machines they replaced (Carbonell,
2016; Fleming et al., 2018; Wolfert et al., 2017). It is anticipated that the future of
robotic agriculture may happen within two types of extreme ecosystems: closed or
proprietary ecosystems with farmers being part of a highly integrated food supply chain;
or open or collaborative ecosystems with farmers and other industry participants in the
agri-food network being flexible in selecting their business partners and food production
technology (Wolfert et al., 2017).

It is now the case that new robotic technologies, e.g. apple robotic harvester, use
Artificial Intelligence (Al) technology as the core of their development to automate
farm tasks, which requires the engagement and attention of farmers to start designing
their farms that can accommodate the quick and smooth transition and adoption of new
robotic technologies (Legun and Burch, 2021). It is assumed that as Al technology
advances, it will also improve the performance of robotic technologies in near future,
and it seems highly likely that robots will ultimately outperform manual workers in
accomplishing their designated tasks, e.g. harvesting. Therefore, it is essential for
legislators and policy makers to take legal uncertainties associated with utilising robots
in agriculture into account before robots have completely replaced manual workers in
farms (Sparrow and Howard, 2020).

7.3.2. Environmental aspects

There could be many environmental implications relevant to utilising the robotic
harvester, but two of the most important ones include soil compaction and climate

change.
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Soil compaction

Soil compaction is one of the environmental problems caused by operating large and
heavy agricultural machinery in the field (Grimstad et al., 2015; Shockley et al., 2019).
Soil compaction can limit root penetration, water, and air infiltration in the soil. It can
damage the soil structure and lower yield (Grimstad et al., 2015; Shockley et al., 2019).
For example, it has been reported that soil compaction can reduce corn and soybean
yield by 7% (Murdock and James, 2008). Therefore, replacing heavy agricultural
machinery with lighter models or alternatives not only could minimise the problems
associated with soil compaction but also may guarantee a long operation time for the
robot, and has to be considered by the developers of the robotic apple harvester (Clarke,
2017; Grimstad et al., 2015; King, 2017; Shockley et al., 2019). This is critical to avoid
damage to the soil structure in particular during wet periods to ensure the machine can
operate without getting stuck in the soil. It may also make the robot more fuel efficient
thus guaranteeing longer operation time in orchard (Grimstad et al., 2015; Shockley et
al., 2019). However, there are critics believing that avoiding soil compaction should not
impose a constraint when designing robotic machines. They believe that instead of
having one large autonomous machine in field it is better to have three or four lighter
medium-sized machines (Lyon, 2019). Note that information about the weight of a

robotic apple harvester is unavailable at its current stage of commercial trial.

There may be different ways to resolve the soil compaction when using robots, which
could include re-designing the mechanical aspects of the robot. It has been reported that
the tyre with the largest tyre-soil contact area (i.e. the widest tyres) and most even
contact pressure distribution (i.e. the pressure that is exerted by a track or tyre on the
soil surface) in combination with a reduction in the tyre inflation pressure can decrease
soil compaction (Salokhe and Ninh, 1993; Ten Damme et al., 2019). Another strategy
could be to swap tyre wheels with tracks for the robots, which can reduce the soil
pressure by around 65%, and improve the stability and traction (McConnell, 2016).
Climate change

It has been reported that even though robots can operate more productively than manual
workers, however, production methods predicated on the robotic technology may not
easily and quickly be adaptable to the new environmental changes due to climate
changes, which can make the agricultural systems more vulnerable and might lead

robots to operate less effectively (Sparrow and Howard, 2020). This is an important
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matter, because if potential adopters of the robot will invest a high capital in robots,
they want to know the implications of climate change on their investment decision. For
example, hotter summers can ripen fruit quicker and affect the harvesting window and
robot operation — requiring a greater number of harvesting units to harvest fruit quickly

within the limited harvesting window.

Climate changes can affect different aspects of apple production such as fruit size, yield,
quality, and harvesting window (Boudichevskaia et al., 2020; Daly, 2019; Kenny,
2001). Climate changes can affect how fruit are grown with its diverse impacts on
winter chilling, flowering and bud burst, harvest date and yield, fruit quality, extreme
high temperatures, and frost and hail, but the impacts will vary by crop type (Daly,
2019; Clothier et al., 2012). Apples require temperate climate with minimum number of
cold nights or chilling hours to break dormancy (Clothier et al., 2012; Clothier, 2018).
Otherwise, dormancy period will prolong, resulting in not allowing all buds to flower at
the same time. This means apples will not ripen simultaneously on trees, resulting in
different harvesting period (Boudichevskaia et al., 2020; Kumar et al., 2016; Vedwan
and Rhoades, 2001; Clothier, 2018; Fang et al., 2016; Sharma et al., 2014; Sugiura et
al., 2005; Rai et al., 2015). Climate affected apples can develop poor colour and soft
texture, and getting sunburnt as well as not storing well, which will affect its
exportability (Clothier, 2018; Else and Atkinson, 2010; Tobin, 2021).

Although rising temperatures in apples increase fruit growth, it will also adversely
affect fruit quality such as through more sunburn on apples (Luedeling, 2012; Clothier
et al., 2012). For example, severely hot and dry condition in summer and higher
temperature in winter in New Zealand largest growing regions such as Hawke’s Bay or
Nelson region can lead growers to think about a new location to grow their apples
(Fedaeff, 2017; MFE, 2020; Kenny, 2001) to initiate fruit ripening or flowering that
require winter or cool autumn temperatures. This could result in relocating orchards
further south that could consequently shift the apple production from Hawke’s Bay and
Nelson to a southward consolidation (Heyes, 2019; Kenny, 2001). Although from a
climate viewpoint, it may be a logical strategy, but other factors such as growing
environment, soil characteristics, cultivar, post-harvest operations, transportation, and
orchard facilities constructions can hinder orchard relocation (Barden and Neilsen,
2003).

163



It may be the case that the desire to utilise robot harvesting in the presence of climate
changes depend upon more standardisation of agricultural production outputs including
developing new crops or varieties that will be better suited to the robotic harvesting in
future in the presence of climate changes, especially if it is not feasible for growers to
relocate their orchards to new locations with climates more suitable for apple production
(Heyes, 2019; Sparrow and Howard, 2020). As a result, scientists have developed new
varieties of apples that are better adapted to the changing climatic conditions by
requiring less/no winter chilling to break up dormancy, less water, and are more
resistant to pests and diseases (Boudichevskaia et al., 2020; Arya et al., 2014; ASA,
2020; Clothier, 2018). Therefore, the adoptability of the robot in the presence of climate
changes may not only be about the robot management, and re-structuring its operating

environment, i.e. tree structure, but also related to the input and fruit management.

7.3.3. Social aspects

The impacts of robotic apple harvesting on the labour market especially on the social
demographic of rural communities must be considered in two phases: the short to
medium and long terms. In the short to medium terms, robotic harvesters will likely
operate semi-autonomous or require humans to supervise or complement them while
operating in orchards (Bechar and Vigneault, 2016). Therefore, it is unlikely that the
robot could replace the current workforce including RSE workers and they will still be
needed in the industry (Wiltshire, 2019a). This is because robots cannot harvest 100%
of fruit due to harvesting performance. Therefore, growers can use different harvesting
technologies in combination, e.g. utilising robot for the first pick and manual pickers for
the second pick (Wiltshire, 2019a) or a combination of these along with platform. This
can reduce the current dependencies associated with manual labour and make it easier
for growers to get manual labour in particular during peak harvesting period. As a
result, the horticulture industry can be more sustainable and socially more acceptable in

the short to medium term.

In the long term, the situation may be different when the robotic technology has
advanced to the level that it will outperform and replace significant amounts of manual
labour. As a result, fewer economic opportunity may be available for those living in
rural areas, which may worsen inequalities of wealth distribution and quality of life in

rural areas and offset the positive lifestyle implications of adoption of the robotic
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system including reduced labour intensity, increased family time, and flexibility of work
(Sparrow and Howard, 2020).

On the other hand, similar to using other agricultural technologies (e.g. AMS), it is
expected that robotic harvesting could make a shift in the way manual labour is used in
apple production as the robot will potentially replace most of the apple pickers in
orchards. This could possibly direct the pool of available labour to undertake more
skilled tasks in orchard or post-harvest operations or even other sectors, because the
skill levels required to operate and maintain robots will likely be very different to those
previously existed in rural areas (Rotz et al., 2019). This has been evident with AMS,
which the robot replaced milking labour with labour to manage equipment and complex
IT systems (Engel and Hyde, 2003; Rotz et al., 2003; Tse et al., 2018; Jacobs and
Siegford, 2012).

7.3.4. Economic aspects

Adoption of the robotic harvester may not be easily justified on an economic basis
especially for smaller growers or those who are financially struggling. For example,
with efficient utilisation of platform harvesting, fruit may be harvested at a lower cost
and better net returns. However, this also depends on the availability of labour. Utilising
the robotic harvester can potentially increase the productivity by efficient uses of inputs
and reduce the labour costs by significantly using a less pickers to produce fruit
(Sparrow and Howard, 2020). However, such benefits could be countered by higher
capital costs required to purchase and operate robots, which could make it difficult or

impossible for smaller or not financially stable growers to benefit from it.

In a broader perspective, growers who successfully adopt the robotic harvesters in
wealthier countries could out-compete growers in global South in competing markets
(Fleming et al., 2018). Thus, any decisions made on the basis of economic consensus
implicate ethics and social justice as it is closely related to the market, regulation, and
contract enforcements (Satz, 2012). Therefore, on the ethical basis, it is important that
widespread use of the robotic technology can promote social justice and equal wealth
distribution among potential adopters of the technology, while the relevant economic
and social implications with regard to the labour employment in rural areas should be
countered by the obligations of members of society, in particular primary sector and
agribusinesses to offer meaningful jobs to workers who are displaced as a consequence

of widespread adoption of robotic technology (Byard, 2017).
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There are critics who doubt that the robotic technology will have any economic benefits
for the foreseeable future, because at the current development stage the perceived
economic benefits do not outweigh the associated costs (Chapman, 2020). In order to
take the full advantage of the robotic systems in field works, the technology requires
more development in the years to come, while how crops are planted should support this
trend to make automation and robot operation feasible and as efficient as possible in
fields (Chapman, 2020).

7.3.5. Robot ownership structure

Given the high costs involved in purchasing and operating the robots, larger growers
who usually supply most of the production in the industry, are the most likely to invest
in a robotic harvest technology, since a large, fixed investment can be spread over more
area (Calvin and Martin, 2010). In addition, when robotic harvester becomes
commercially available, it is likely that costs for early adoption may be higher than
other available alternatives namely platform harvesting system, until the infrastructure
is in place to support the sale and maintenance of the equipment. As a result, smaller
growers or those that are not financially stable may fail to benefit from using the robots
in their orchards. These growers may face high risks of losing the market and
profitability of their orchards due to lacking the technologies, skills, and financial

stability to meet the market demands (Reardon et al., 2009).

Contract-farming (i.e. contract-harvesting) and/or co-operative ownership business
model/s can be considered as potential solution/s to mitigate prevalent market failures
such as the ownership centralisation of the robots in the industry and the risks facing
smaller or financially struggling growers by allowing them to benefit from utilising the
robotic harvester (Bellemare and Bloem, 2018; Bellemare and Lim, 2018; Grosh, 1994).
Contract-farming or contract-harvesting in the context of the current research, is an
alternative to purchasing a robotic harvester, when a third party purchases the robots
and rents them out based on an agreement to harvest fruit for multiple growers for a fee.
This can enable smaller growers or those that are not financially stable to use robots in

their orchards at a fraction of the purchase price of the robots.

The contract-farming business model is not a new concept (Grosh, 1994; Key and
Runsten, 1999; Meemken and Bellemare, 2019). It has been practiced in dairy industry
for decades known as share-milking or contract-milking that robotic milkers, owned and

operated by third parties are rented out to local dairy farmers at a shared cost (DairyNZ,
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2020). As in the case of the robotic harvesters, the ownership and operating costs of the
robots are only incurred for the main owner/s of the robots, who could generate more

income by charging up a percentage from growers for each rent out.

Another relevant business model is co-operative ownership, which includes
organisations/equities/equipment that are owned and controlled by the members of the
cooperatives (Gold and Staples, 2012; Reynolds, 2013). It is established based on the
idea of creating wealth, providing services, and benefiting members of the co-operatives
(Gold and Staples, 2012; Reynolds, 2013). The ownership is based on holding an
ownership share, where it is financed using member equity, investment shares, grants,
fund raising, or loans, or a combination of all these, and profit is distributed between
members based on the patronage/use of the co-operatives (Gold and Staples, 2012;
Reynolds, 2013).

The robotic harvesters could be owned by the apple growers’ co-operatives, even
though such co-operatives do not exist in New Zealand apple industry, but NZAPI as
the main representative organisation for the New Zealand apple and pear industry
(NZAPI, 2019) could be considered as the potential representative for such co-
operative. However, it is likely that by the time the robots become commercially
available such co-operative initiatives come into existence by apple growers especially
those who may have a lower chance of adopting and using the robots, i.e. smaller or

financially struggling growers.

Contract-harvesting and co-operative ownership are considered win-win business
models for both owner or manufacture of the robots and apple growers. The owner/s or
operator/s of the robots can take advantage of scalability power of such business
models, i.e. contract-harvesting and the co-operative ownership, to spread the ownership
and operating costs of the robots over a larger area (i.e. more growers) by renting out
the robots in New Zealand and even in Australia in the Southern hemisphere and the US

in the Northern hemisphere’s apple production season.

In addition, introducing such business models to utilise the robotic harvesters can give
the industry more resilience in the presence of climate change where harvesting

windows and apple production locations may change, as it was briefly discussed in the
case of New Zealand in section 7.3.2. Given New Zealand is not a big country, varying

harvesting windows enable the mobile deployment and rotations of the robots around
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the country for the operator/s or owner/s of the technology. This could make it easier for
the horticulture industry to cope with the labour shortages across the country as the
robots could potentially substitute most of the harvesting labour in the apple industry

that could be allocated to other sectors in the industry.

7.3.6. In-orchard sorting

This research assumes that adoption of harvesting robots will have implications on a
number of harvest and post-harvest (sorting and grading) components. This may include
an increase in the harvest yield of apples, an imbalance in harvest and post-harvest
operations of apples with different characteristics (varietal size, firmness, colour, and
shelf-life), and finally, an imbalance in the supply and demand levels of labour in
harvest and post-harvest operations, given that more labour will be freed up from
harvest operation to be allocated to perform other tasks in the orchard or post-harvest
operation (Lehnert, 2013; Zhang, 2018; Zhang et al., 2019; Zhang and Heiman, 2017).

Integrating harvesting and post-harvesting operations such as through using an in-
orchard sorting function in a robotic harvesting technology, e.g. grading fruits during
harvesting, could help growers to reduce cost and time by not sending lower-quality
fruit to the packing house and lowering the incidence of post-harvest problems from
contaminated fruit (Lehnert, 2013; Zhang, 2018; Zhang et al., 2019; Zhang and Heiman,
2017). In-orchard sorting functionality that has been commercially trialled in the US by
equipping an on-board sorting module on fruit harvesting platforms. Results of the
initial trials revealed that it increased the overall benefit of utilising platforms by over
40% and generated a positive net returns despite increases in machine prices and annual
costs (Lehnert, 2013; Zhang, 2018; Zhang et al., 2019; Zhang and Heiman, 2017).
However, there is no information whether robotic harvesters will have such
functionality. This is not the focus of the current research as it is assumed that robotic
harvest technology will mainly be utilised for harvesting apples.

7.3.7. Food safety and market disruptions

It has been reported that food safety is an important consideration for consumers that
can define their purchase decisions (Askew, 2020). Food safety has become more
important following the Covid-19 pandemic, as it has significantly disrupted the
consumer food markets and created new challenges in fresh food safety (Askew, 2020).
The Covid-19 pandemic has negatively affected sales by changes in logistics and

customer purchasing patterns (O’Callaghan, 2020) as consumers have become more
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cautious about their food safety, quality, and transparency (Askew, 2020). It has been
reported that 40% of consumers are more cautious about washing unpackaged
vegetables and fruit than before the pandemic (Saha, 2020). For example, before the
start of the pandemic, consumers did not care whether apples were picked by robot,
platform, or manually. However, now they care because of Covid and want their fresh
fruit to be human touchless from farm to plate. For packhouses this may not be an issue
because they are mostly automated but for harvesting operations it may be a consumer

issue, because they have to pick apples by hand (O’Callaghan, 2020).

Robots were introduced as a solution to the labour shortage issue, and now it can even
be considered as a solution for the food safety problem (Mandow, 2020). In addition to
food safety issue, following the social distancing, and health and safety measures
between the workers working in the orchard could also be an issue (Mandow, 2020).
For example, when fruit are harvested by platform, there may only be two workers
allowed to work on each machine. As a result, lower volumes of apples may be picked,
which might be an issue in the limited harvesting window. It may also negatively affect
the picking efficiency given that pickers have to work with consideration of certain
hygiene measures such as being regularly tested for Covid-19 or using masks or gloves
while picking. Therefore, if growers want to have the same volume of apples harvested,
they need to have more platforms in the orchard. However, this could mean that growers
may have to deal with the additional cost as well as the redundant harvesting capacity of

operating multiple platforms in the orchard.

Robot harvesting may be considered to be the most ideal option in the current situation,
however, at its current level of harvesting efficiency and speed as well as not being
commercially available, robots cannot be the only option for growers to rely on for the
foreseeable future. To cope with the food safety issue, apple packhouses in New
Zealand have started marketing one of the attributes of apples exported from New
Zealand being the fact that they are “washed, packed, and almost sealed here in New
Zealand before getting exported” (Mandow, 2020). This is important because export
markets such as Asia considers New Zealand as a country that has successfully
controlled and tackled Covid-19, which could help as a marketing slogan for the

country’s fresh apple export at this stage (Mandow, 2020).
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7.3.8. Future research

Given the limitations defined above, future research could be conducted by
incorporating these limiting factors. Although the model here is constructed based on
one country, New Zealand, it would be possible to adapt this model for other countries
where robot harvesting is trialed, e.g. the US and Australia, using other varieties with
different parameters such as size, weight, yield, and value compared to the varieties
considered in the current research. This could provide a more comprehensive analysis
about the potential of the robotic harvester, which could be useful for manufacturer of

the robot to consider when developing new models.

In the current research, it is assumed that growers purchase platforms starting from year
one and robots starting from year three of orchard establishment. However, in reality
this may not be the case for all growers, which can be taken into account in future
research to analyse how delaying purchasing platforms until year two or three and
robots until year four, five, or six could affect the labour to capital ratio and profitability

of the orchard.

This study was conducted based on conservative assumptions due to lack of information
on capital investment and operating costs as well as farm trial data for the robotic
harvester that could be used to better support the analysis and make it more applicable
to New Zealand apple industry. Therefore, future research could follow the assumptions
and findings of this research to further investigate the feasibility of the robotic harvester
not only in the apple industry, but also other fresh market fruit industry intended for
robot harvesting. It is expected that the robotic apple harvester considered in this
analysis would improve and more trials be conducted in the future that more
information about the performance and price of the robot may become available that
could be used to refine the current model.

7.4. Conclusion

Adoption of the robotic apple harvester may be difficult to justify for the orchardists
who grow relatively low value and yield varieties based on an economic basis. Given
robotic apple harvesters are still in the commercial trial stage, potential adopters can opt
for platform harvesting system given it fits within the same orchard architecture as robot
and can reduce the current reliance on manual labour not only for harvest but also pre-
harvest tasks, thus it can create a different demographic of labour as less fit or new

workers to harvest more apples, while it may improve the efficiency of workers and
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make it physically less demanding, taking into account health and safety measures, and
still generate a net return comparable to the case of using a manual harvesting system. It
should be noted that platform can either be a final or interim step depending on various
factors such as the final cost, labour availability and grower’s decision. The grower may
decide not to fully utilise robots but they may want to use it in combination with other

alternatives such as ladder or/and platform.

Robot adoption depends on various interconnected factors including varietal, robot, and
labour. From a varietal perspective, the potential benefit of robotic apple harvester can
be improved if it is used to harvest an orchard planted with a relatively high yield and
value variety such as Envy, as growers could better balance out the relative cost of robot
harvesting and return on their capital investment. However, it should be noted that many
premium or popular apple varieties exist because of consumer demands. Therefore, it is
uncertain whether in long term Envy will remain a higher price variety to Jazz or Roya
Gala, because consumer preferences change all the time as it has been a similar case
with Braeburn given it is increasingly being replaced with newer and more demanding
cultivars like Envy (PipfruitNZ, 2017; NZAPI, 2019).

From a labour perspective, labour availability and efficiency can play a more significant
role than wages in making the adoption decision more appealing for growers. If labours
are not readily available and it is uncertain whether growers can still source unskilled

labour to be trained and how efficiently they can pick apples, then growers may be more

willing to adopt robots.

From the robot perspective, an increase in production and net returns can be achieved as
was shown in section 6.9, with the possibility of robot harvest fruit 24 hours a day that
increase the profitability of orchard and making lower values and yielding varieties with
robot more profitable compared to daylight operation. In addition, it is important that
the robot can operate faster but not necessarily as more efficient to alter the labour to
capital strategically while picking as much fruit as possible within the limited
harvesting window and generate the highest possible net returns. Moreover, it is also
important how affordable robot is in terms of ownership and operation cost for potential
adopters. However, at the current development stage and costs associated with
purchasing and operating the robot, it is expected that the robots will likely be adopted
by larger growers, while smaller or those growers not financially stable likely will fail

to benefit from using the robots. Therefore, making the robots available to growers as a
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co-operative or contract-harvesting business model will likely be the best solution for

growers in the industry to benefit from.

Besides the economic factors, robotic harvesters have the potential to be considered as a
solution for non-economic factors such as food safety issues. This is more apparent in
the post-Covid-19 pandemic era, which has not only made it more difficult for growers
to source their required workers due to border closures, but also has led consumers to be
more cautious about food safety when they make purchase decisions and prefer to have
their fresh fruit touchless from farm to plate. This may not be a problem for packhouses
as most are automated, but it may be an issue for harvesting operations because pickers
have to pick apples by hand. Even though robots cannot be the only option for growers
to rely on for the foreseeable future as they are not commercially available, in the
current situation robot harvesting may be the most ideal solution.
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Appendices

Appendix 1. Manual harvesting three apple varieties across seven
orchard sizes in full production

Size (ha) Manual yield (kg) No. of FTE pickers NPV ($) IRR (%)
Envy
20 2,015,520 53.04 16,065,847 26.44
30 3,023,280 79.56 24,098,771 26.44
40 4,031,040 106.08 32,131,694 26.44
50 5,038,800 132.60 40,164,618 26.44
100 10,077,600 265.20 80,329,236 26.44
200 20,155,200 530.40 160,658,472 26.44
Jazz
20 1,854,552 48.80 3,146,169 10.82
30 2,781,828 73.21 4,719,253 10.82
40 3,709,104 97.61 6,292,337 10.82
50 4,636,380 122.01 7,865,421 10.82
100 9,272,760 244.02 15,730,843 10.82
200 18,545,520 488.04 31,461,685 10.82
Royal Gala

20 1,970,376 50.06 3,968,788 11.40
30 2,955,564 75.10 5,953,182 11.40
40 3,940,752 100.13 7,937,576 11.40
50 4,925,940 125.16 9,921,969 11.40
100 9,851,880 250.32 19,843,939 11.40
200 19,703,760 500.64 39,687,878 11.40
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