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Abstract

V ABSTRACT
This research examines traceability in the SRL export supply chain to investigate the
use of low-cost image-based biometrics in lobster grading and identification. The SRL
industry is a strategic export fishery contributing $250 million annually to the
Australian economy with over 90% of its turnover coming from the Chinese market
(prior to the COVID19 crisis). While the industry continues to grow, challenges have
been identified that pose risks to the fishery's economic and environmental
sustainability including: (1) Outbreaks of marine biotoxin and fish mortality/damage
during transportation have raised food safety and quality concerns, (2) Product
substitution via fraudulent business in export markets impacts the SRL premium brand,
(3) The China Free Trade Agreement (ChAFTA) is changing requirements for food
compliance regulations and, (4) consumer expectations for food quality, authenticity
and provenance information on products is increasing.
The SRL industry has identified product traceability as an important part of its
response to these challenges. Traceability is broadly defined as the ability to track and
trace food products at either item or batch level along part or all of the supply chain.
Currently, some parts of the SRL supply chain do utilise product tracking such as
barcodes and radio-frequency identification (RFID) tags in batch level traceability.
However, item level traceability remains limited, with the granularity, form and
availability of information on individual products, varying considerably along the
chain. This is partly due to the high proportion of small SRL businesses continuing to
rely on manual handling practices and paper-based traceability techniques. But it is
also because of the continued relatively high cost of tools and techniques available to
automate and digitise traceability data at the item level.
Image-based biometrics deploying computer vision techniques have previously been
trialled in individual animal tracking studies. These studies highlight the importance
of understanding identifiable animal characteristics and the processes for image
capture and analyses. In this research the key attributes of SRL captured and analysed
relate to the lobster's size, weight, colour and spiny shell carapace patterns. Using these
data, the feasibility of combining image processing and machine learning technologies
to support automatic grading and individual identification of lobsters for processors,
distributors and consumers in the SRL export supply chain were investigated.
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The research methodology involved a two-phase research strategy. Phase one
identified key lobster characteristics and developed and tested image capture and
analysis methods for both automatic grading and individual lobster identification. A
key consideration for these methods is how to utilise low-cost equipment that would
be readily accessible to SRL small businesses and consumers. Using the output of the
automatic lobster grading, a physical prototype system was developed and tested to
simulate an automatic grading operation in a fish processor. Based on the grading
attributes and individual biometric characteristics selected and tested, a multimodal
biometric identification model was developed. Building on these results, phase two
focused on approaches to implementing traceability along the SRL supply chain
through the design, testing and laboratory simulation of product tracking using a
mobile application and verification server.
The research design involved data collection at a Tasmanian fish processor where
8Mps Raspberry Pi cameras using a fixed distance and angle compiled a dataset of
4000 images of 200 lobsters. The lobster carapace was the "region of interest" (ROI)
during the development of automatic grading and individual biometric identification.
This ROI was extracted from lobster images using: (1) traditional image processing
techniques and (2) convolution neural networks (CNNs). The preliminary results
highlighted a pre-trained Mask-RCNN outperformed the traditional image processing
techniques and the Mask-RCNN was utilised for individually analysing the grading
attributes of size, weight (converted from size) and colour. These results were used to
build and test a prototype grading system to simulate an automatic grading operation
for use in a fish processor, integrating software, a conveyor belt, relay and cameras. In
the analyses of individual techniques for lobster identification, colour histograms,
texture and Siamese networks were tested and evaluated. Based on the outputs of the
automatic grading and individual identification, a multimodal biometric identification
model that combined lobster size, colour histogram, texture and deep learning results
was developed and tested. However, the false-positive rate of this model remained
high (64.5%) and this meant that the results achieved were insufficiently reliable for
individual lobster identification when used as a standalone solution. For this reason,
two hybrid biometric verification models for product tracking along the SRL supply
chain were designed and tested. In both cases, lobster image identification was used as
part of a layered hybrid authentication approach along with product tags attached on
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individual lobsters and/or boxes of lobsters. These approaches aimed to create '1-to-1'
and/or '1-to-some' matching mechanisms. In both scenarios, a species-specific
identification module was also developed and deployed to handle unmatched cases.
This module was designed to enhance consumer confidence because it ensured that
only genuine SRL products could be verified even if there were problems with
individual verification based on tag identity number (ID) or lobster image. Using the
main image library collected in Phase one, a biometric verification server and mobile
application were used to demonstrate the operation of these two tracking models.
The analyses on lobster grading yielded positive results in which size accuracy is 90%
with a range of +/- 5% error compared with the actual sizes, and weight accuracy is
85% with a range of +/- 10% error compared with the actual weights. Colour
classification also achieved a good result based on Euclidean distances between the
average HSV colours of the ROIs and a base colour (black in this research) that helped
identify a possible threshold to separate between the pale red and dark red groups. The
testing with an automatic grading system also produced an important proof of concept
where each lobster could be profiled with ID, images, size, weight, colour and other
historical information. For lobster identification, the testing results with individual
techniques including colour histogram, texture and Siamese network showed an ability
to filter from one hundred objects down to a group of between 10-15 best candidates
during the matching processes. The multimodal biometric model highlighted a further
improvement of the matching process with the average of 5 candidates returned from
the testing cases. However, the challenge of the false-positive rate in lobster
identification remained high with 64.5% within this model.
In the simulations for the two hybrid models, the false-positive rate showed a decrease
to 0.35% for the '1-to-1' matching and 45% for '1-to-some' matching. For the species
identification, the use of Support Vector Machine (SVM) for classifying between SRL
and non-SRL products based on colour histogram of the carapace regions also
achieved a positive result with 92% accuracy. The simulation of the product
traceability also demonstrated a range of important functions for end-users supported
by the central verification server and mobile application including image capture,
lobster grading, barcode scanning and individual product verification.

- IX -

Abstract

The results obtained across two phases demonstrated how low-cost computer vision
technology can be utilised to analyse grading attributes of lobsters (RQ1) and
highlighted the current capability of this technology in identifying individual lobsters
(RQ2). The research also demonstrated approaches to using low-cost biometric
grading and identification outcomes to improve the traceability performance along the
SRL supply chain (RQ3). Based on the image-based biometric models developed and
tested in this research several contributions can be identified:
•

From the technical viewpoint, the research strengthens the case for utilising lowcost computer vision in food traceability. Although the false-positive rate for the
individual identification led to the deployment of hybrid traceability models, the
multimodal biometric model developed does provide a platform for ongoing
improvements to the accuracy of low-cost image-based biometric identification.

•

From the traceability viewpoint, the research offers an enhancement to
conventional product tracking relying on physical tags. Importantly, the low-cost
image-based biometric verification solutions developed support small SRL
businesses to improve item tracking level based on the existing box-tagging
practices. Additionally, the ability to integrate both the grading and identification
functions into a mobile application offers direct traceability communication
between overseas consumers and the Australian SRL exporters.

•

From the SRL industry viewpoint, the research provides industry stakeholders
with a response to the concerns of food safety, quality and security. With the
ability of verifying the authenticity and provenance of individual lobsters, the
confidence of end consumers in the safety and authenticity of SRL products can
be consolidated and the Australian sellers can be better protected from fraudulent
activities in export markets. The approach also illustrates how Australian SRL
businesses may be better prepared for any compliance requirements imposed by
ChAFTA.

Future work will be able to further improve identification techniques and testing in
live environments and it is anticipated that low-cost tag-less image-based traceability
will be available in the SRL and other seafood industry export supply chains in the
near future.
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Chapter 1 - Introduction

1.1

INTRODUCTION

The SRL industry is a strategic export fishery contributing $250 million annually to
the Australian economy (ABARES 2018). Across Tasmania, South Australia and
Victoria, this rock lobster species is one of the most valuable export seafood industries
with over 90% of the production delivered to the Chinese market (Mobsby 2018; van
Putten et al. 2016). While the industry continues to grow, a number of challenges have
been identified at different points along the supply chain that pose risks to its economic
and environmental sustainability. These challenges include: (1) Food safety and
quality - Outbreaks of marine biotoxin and fish mortality and damage during
transportation have raised food safety and quality concerns for stakeholders, (2) Food
security - Product substitution via fraudulent business in export markets poses risks to
SLR’s premium brand, (3) The China Free Trade Agreement (ChAFTA) - The
implementation of the ChAFTA has increased the requirement on the SRL industry to
be able to meet higher food compliance regulations and (4) Changing consumer
expectations – increasing demands for food quality, authenticity and provenance
information.
In this context, the SRL industry has been seeking ways to address these challenges
along its entire export supply chain and has identified product traceability as an
important part of its response. Traceability can be understood as the mechanism to
track food, feed and ingredients through all stages of production, processing and
distribution (European Commission 2019). This ability offers a great potential to
increase the value of SRL and reduce risks in several key areas. In particular, it allows
industry stakeholder to (1) quickly respond to incidence of biotoxin poisoning, (2)
increase the security against fraudulent business, (3) contribute to compliance
objectives and (4) promote communication between sellers and customers. For
example, if consumers are provided with a tool to verify the provenance and
authenticity of SRL products in the market, they become more confident about the
safety and quality of the products.
Understanding the vital role of improved traceability, the SRL industry is actively
working with the state governments and researchers to enhance the performance of
this system. A key part of this effort is the Fisheries Research and Development
Corporation (FRDC) funded research project commenced since 2016 that has
investigated various traceability technologies and tools and developed policies and
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guidelines to improve this system along the export supply chain to the Chinese market
(Bonney, Laurie et al. 2017). In multiple perspectives to approach a traceability
system, this PhD research focuses on a low-cost image-based biometric solution to
address the challenges of the conventional tagging methods that primarily rely on
barcode and RFIDs. The next section details dimensions of the research problem that
establishes a background for the research aims.

1.2

INDUSTRY CONTEXT

Reviewing of the SRL industry and its export chain is the initial step to establish the
research background. It allows readers to obtain an insight into the operation of the
fishery as well as product flows from catching across Tasmania, Victoria and South
Australia to Chinese market. Along this investigation, a number of key challenges
regarding food safety, quality, security, customer interaction and compliance affecting
the steady growth of this export chain to China are highlighted. Understanding these
major risks is an essential step to recognise the demand of improved traceability for
industry stakeholders.
The findings reported in this chapter are the result of both site visits and a literature
review conducted in the first year of PhD. By joining the FRDC funded traceability
project under the role of a research assistant, the author has had an opportunity to
explore the operation of the SRL industry through a range of field trips and meetings
with industry partners. In particular, more than 20 field visits to lobster processors in
Tasmania and South Australia and meetings with SRL associations and researchers in
the South Australia Rock Lobster Advisory Council (SARLAC) and Institute for
Marine and Antarctic Studies (IMAS) in Tasmania have been undertaken. In total, 48
commercial systems and technology vendors who provide software and hardware
solutions to seafood industries were contacted. At the same time, over 200 research
papers regarding the science of rock lobsters, traceability, seafood eco-labelling,
compliance and regulation have been reviewed in which more than 130 FRDC SRL
industry project reports were scanned and filtered from publicly available sources. The
result of this work has been reported in the scoping phase of the traceability proposal
submitted to FRDC (Bonney, Laurie et al. 2017). This chapter will summarise the key
findings of the investigation in the three following sections.

-3-

Chapter 1 - Introduction

1.2.1

OVERVIEW OF THE SRL INDUSTRY

The SRL fishery is one of the most successful wild-catch seafood industries in
Australia. In 2016-17, the total catch of the SRL industry achieved around 3,000 tonnes
with a contribution of $230 million to the Australian economy (ABARES 2018). This
species is mainly distributed in Tasmania, South Australia and Victoria where the
majority of commercial harvests are exported as live products to the Chinese market
(van Putten et al. 2016). A steadily increasing demand can be anticipated as a 15
percent tariff for lobster products exported to the Chinese market will be eliminated
from January 2019 under the ChAFTA (Department of Foreign Affairs and Trade
2018).
To maintain the sustainable development of the industry, fishers have been the primary
subject of many stringent catching and handling regulations and catch quota policies.
While limited annual licenses and restricted numbers of vessels and pots are inspected
to avoid overfishing, the control on catchable lobster sizes aims to ensure undersized
fish are returned to the sea (i.e. minimum 110 mm for male and 105 mm for female).
Contributing to this goal is the research activity of the scientific community. It is
evidenced by a range of studies focusing on stock assessment (Gardner, Caleb et al.
2006; Gardner, C et al. 2001; Linnane et al. 2010; Punt & Kennedy 1997) and
economic benefit maximisation (Gardner, Caleb et al. 2015; Gardner, Caleb, Larkin &
Seijo 2013; Green et al. 2011).
Across Tasmania, Victoria and South Australia, there are variations in applying
technology for compliance purposes. South Australia is currently the most
technologically advanced state, using technologies, such as automated weight stations,
RFID tagged fish crates and online closed-circuit television (CCTV) at port, electronic
report systems (Edwards 2008) and on-board digital record keeping – Deckhand
(Phillips 2015). However, these technology systems have not been adopted in Victoria
and Tasmania. Observations at some lobster processors in Tasmania indicate a range
of paper forms, such as Quota Docket Book, Catch Record, that are still the main
methods for compliance reporting. Apparently, this management practice produces
poor data quality and limited accessibility for managers. Continuing on this overview,
the next section will reveal the operations of product flows along the export chain with
a focus on the operations on the Australia side.
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1.2.2

OPERATION OF THE SRL SUPPLY CHAIN

Along the SRL supply chain, lobster products are moved through different locations
from sea to consumers as illustrated in Figure 1. This operation is described as below:
At sea: SRLs are wild harvested in the Southern Ocean across South Australia,
Victoria and Tasmania. There are variations in fishing practices between the states. A
fishing trip in Tasmania might take up to 2 weeks to accumulate a full load while the
average trip length in South Australian is usually one day. Lobsters after unloaded
from pots are measured using callipers or visual observation to discard undersized fish.
Following this action, the qualified catch is transferred straight to the hold under the
boat. In Tasmania, most SRLs for the whole trip are stored in the same hold without
sorting whereas in South Australia, fishers tend to place the catch in separate
containers that enables the sorting to take place at dock more quickly.
At dock: Trading transactions between fishers and processor staff often occur at this
place. After unloading lobsters from vessels are evaluated and weighed by buyers
before uploading to refrigerated trucks to transfer to the processor’s facility. In
association with this business activity a number of forms regarding catch and disposal
that are filled by both the traders for compliance and business activities.

Figure 1 - Movement of lobster products from sea to Chinese market

At processor: This is the area where most important post-harvest activities are
undertaken to fulfil order requirements from oversea buyers. The internal operation of
a lobster processor is illustrated in Figure 2. Firstly, lobster consignments unloaded
from trucks are transferred straight to a temporary tank for later classification. Next,
grading is considered as one of the key activities within the processor’s facility.
Lobsters are categorised by colour, size, vitality score and quality (such as body
defects, missing legs, horns) as these factors directly impact on attainable market
prices. For example, colour is considered an important criterion to the Chinese
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customers where a higher price is paid for dark red than pale red lobsters (Linnane et
al. 2010). Observations at some processors show that this operation is manually
performed using weight scales and visual inspection that is slow and variable in
accuracy. Following this step, the graded products are then moved to the main storing
area and separated by tagged plastic crates. Storage tanks are maintained by a pumping
system and the environmental conditions are regularly checked by staff using various
sensors, such as pH, salinity, oxygen, temperature, ammonia and nitrite levels.
Lobsters can be kept alive in the facility up to two weeks before delivering to the
market. Lastly, based on customers’ orders, lobsters are picked and packed into polyfoam boxes with straw and kept in a cooled environment with an ice bag on the top.
The consignments are shipped by truck to the local airport and delivered as live
products to Chinese customers. Accompanying the whole procedure from receiving to
delivery is a set of worksheets, such as Weighing, Grading and Packing and Rejecting,
that are used to record the product information and related activities.

Figure 2 - Main activities inside a lobster processor

During the investigation to understand the operation in the SRL industry and product
flows from catch to customers, a number of challenges affecting the sustainable growth
of this fishery have been identified. The next section will present the analysis on these
risks as the motivations for improved traceability across the chain.
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1.2.3

CHALLENGES OF THE SRL SUPPLY CHAIN

The steady growth of business requires the SRL industry to pay more attention to the
risks to its economic and environmental sustainability. In fact, concerns regarding food
safety and quality, product substitution, consumer interaction and food compliance
have been identified at different points of the chain. The analysis of these challenges
is presented as follows:
Food Safety and Quality: The concern of food safety has been raised among industry
participants over the outbreak of marine biotoxin in Tasmania. In 2012, the first
incidence of this natural poison in seafood was reported when the Japanese import
authority detected an unacceptable level of Paralytic Shellfish Toxin (PST) in blue
mussels shipped from Tasmania (Campbell et al. 2012). In another report, Hallegraeff
and Bolch (2016) noticed four cases of where hospitalisation was required as result of
poisoning from eating wild shellfish in Tasmania. Acting to protect the SRL industry
from this ongoing threat, the Tasmanian Government implemented a periodic PST
checking protocol in some marine regions along Tasmania’s East Coast using
sequential samples of water, sentinel species and lobsters (Tasmanian Government
2015). The testing outcome of these operations can result in the opening or closing of
one or more fishing regions. This information will be quickly noticed by fishermen
and published on the Tasmanian government’s website as shown in Figure 3 (next
page). Although the attempt of this program is to control the risk of PST, the concern
of consumers about this threat is unavoidable if product provenance is unclear.
Contributing to the picture of PST concern is the food recall statistics released by Food
Standards Australia & New Zealand (2018). This report shows that food product
recalls have increased in recent years with the peak of 81 incidents in 2015. Among
these cases, 15 incidents of food withdrawal due to biotoxin were recorded and PST
was evaluated as the top cause. In this context, there is an absence of effective
mechanisms for SRL businesses and customers to track individual lobsters back to
their origin.
In addition to the problem of biotoxin, concern of food quality caused by fish mortality
also challenges business transparency. In the live export chain, fish dying during
storing and transportation is a common issue. The estimated number of dead lobsters
due to transportation can reach up to 10 percent (Simon et al. 2015) and this number
tends to increase in the two summer months of January and February (Hooker et al.
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1997). This issue requires Australian sellers to maintain a compensation system for
buyers when dead fish rates reach a given amount. In common cases, exporters often
accept discounts up to 50 percent for dead lobsters claimed from overseas buyers.
While this system is necessary for trading relationships, Australian processors have
expressed low confidence in the truthfulness of mortality claims that rely on photos
and videos as the evidence. They lack a mechanism to verify their genuine product and
link it to the other transport and environmental data to investigate the underlying cause
of the mortality.

Figure 3 - PST warning zones in East Coast – Tasmania

Food Security: Seafood supply chains are particularly vulnerable to fraud due to the
large value gap between similar species. This food group is evaluated as the thirdhighest risk category targeted by fraudulent business according to a recent report from
the FAO (2018). Many case studies of food fraud have been investigated. A survey by
Warner et al. (2013) revealed the most commonly collected fish samples sold as
snapper and tuna had the highest mislabelling rates in U.S. (87% and 59%,
respectively). Sotelo et al. (2018) noticed that mislabelling rates for high quality
species like Atlantic Bluefin tuna labelled products were very high in Europe with
ranges from 50% up to 100%. In a list of the most commonly mislabelled fish in
Australia published by News (2016), a range of fish products were sold with improper
labels, such as Catfish or Basa sold as Dory, Stick fish sold as Flathead, Asian Sea
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Bass sold as Barramundi, Crimson Snapper or Saddletail Snapper sold as Red
Emperor. A seafood forensics survey performed by Chin et al. (2016) also exposed
fraudulent business in Malaysia. By using Molecular analyses, their research found
that 16% of 62 seafood samples collected in the market have been mislabelled. China
is an enormous seafood market where high value products are susceptible to fraudulent
practices (Hai et al. 2007; Wang et al. 2016; Xiong et al. 2018).
In a similar context, the complexity of fraudulent activities has posed risks to the SRL
brand name on export markets. In the Chinese market, SRL are classified as premium
seafood products that are eaten at important celebrations, such as weddings, birthdays,
Christmas and New Year (Bonney, Laurie et al. 2017; Dentoni et al. 2012). Statistical
reports of ABARES (2017) and ABARES (2018) also revealed that there has been an
increase in the average price of Australian spiny lobster species over the last decade in
which the value of SRL tends to fluctuate at a higher range compared to Australian
Western Rock Lobsters (WRL). Consequently, the high value of this lobster species
creates an attractive landscape for fraudulent business, such as mislabelling or
substitution (Esteki, Regueiro & Simal Gándara 2019). Contributing to this concern
is the diversity of commercial rock lobster (RL) species traded in the Chinese market.
A survey on the Alibaba website (the biggest online commerce company in China)
indicates a variety of spiny lobster products sold in this market including SRL, Western
RL, West Coast RL, Baja California Red RL, Eastern RL, Caribbean RL and Tropical
RL. Table 1 (next page) presents information about these popular commercial species
from various sources. Visually, some species, such as Eastern, Caribbean and Tropical
lobsters, can be distinguished from SRL based on colour patterns. On the other hand,
the Australian WRL, South Africa RL and Mexican RL species could be confusing for
consumers due to the similarity of colour and shell patterns. A study of Andrew Winzer
(2009) also noticed that South Africa RL is a possible alternative option for SRL on
market. As a result, the concerns of food security have demanded the SRL industry
prepare a system that enables the authenticity of SRL products to be verified by end
consumers. This is one of the key goals of the improved traceability addressed by this
research.

-9-

Chapter 1 - Introduction
importing seafood products into this market. In fact, some large markets like the U.S
and European countries have applied mandatory regulation of food product labelling
for tracking purposes (Aung & Chang 2014; Borit 2016). This regulation allows
governments to better control the concerns of food safety, quality standards and
provenance. Arienzo, Coff and Barling (2008) stress that the introduction of
traceability in EU food law (Regulation 178/2002) is an essential reform in food safety
and risk management for this market. From this perspective of mandatory regulations
for food traceability, a study by Charlebois et al. (2014) conducted a ranking survey
and created three levels including: (1) “Superior” for member countries of the
European Union as well as pan-European countries, such as Norway and Sweden, (2)
“Average” for Australia, Canada, Japan, Brazil, New Zealand, and the United States
and (3) “Poor” for China. This investigation has provided a clear picture into
traceability regulations at the international level.
While the current regulatory setting in food traceability in China has enabled many
seafood exporters including Australian SRL distributors to continue their business
with minimum attention on tracking systems, it is also considered as challenging for
them when the Chinese government is taking steps to improve its regulatory systems
for safety and quality management (Chen, K, Wang & Song 2015; Liu, LM et al.
2012). Regardless when and how such requirements will take effect, the preparation
of product tracking solutions is indispensable for the industry to retain an ongoing
access to this large market. This ability allows upstream participants of the supply
chain to quickly adapt to any changing conditions relating to trading and regulatory
standards. For this reason, food compliance has become an imperative for this research
to investigate the technological solutions to improve traceability competency within
the SRL industry.
Changing Consumer Expectations: Customers expect to know more about the food
products they are consuming. Traditionally, they placed their trust in government
control and the reputation of sellers to ensure products are safe and of satisfying
quality. Food suppliers mainly use a generic label to affirm a range of product
attributes, such as origin of product, supplier, distributor, food safety certificates or
sustainability practices. However, Tamm, Schiller and Hanner (2016) believe that over
the last 20 years, consumer attitudes and trust toward corporate brands and
governments have significantly changed. A key part of this trend is derived from the
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globalisation of food supply chains in which a range of food crises have occurred
outside business and government controls (Aung & Chang 2014). At the same time,
fraudulent activity in retail marketplaces especially for premium food products has
been recorded by many studies and practical surveys (FAO 2018; Sotelo et al. 2018)
that pose risks to both genuine suppliers and end consumers. From the customer
perspective, the demand to have direct communication with upstream food businesses
has become one of the key goals in traceability implementation in modern supply
chains.
Moreover, the major changes in technology especially the development of mobile
devices, Internet and cloud-based services have brought excellent opportunities to
enhance the visibility of supply chain data to downstream customers. Fishers, growers,
food processors, distributors, retailers and customers can use low-cost tracking
solutions right on their smart phones to scan barcodes and RFID tags at any point along
supply chain. With over 90% of people owning a mobile phone (Cherubino et al. 2016)
and the expansion of wireless communication, the trend of food traceability has been
significantly shifted toward mobile platforms to facilitate the customer experience
(Kirk et al. 2011). In fact, a review by Jin and Zhou (2014) reveals that consumers
from different countries and regions are willing to pay more for food with traceability
attributes. Therefore, increasing customers’ interaction through tracking applications
integrated on their smart phones will be a key driver for both research and
implementation activities of traceability systems.
In regarding SRL, an export chain with over 90% of production sold in the Chinese
market, establishing a connection between distant customers and original suppliers in
Australia is an important strategy for improved traceability. Norman

L pez et al.

(2014) identified that customers from other countries including China find it hard to
distinguish the species of Australian lobsters based on appearance. This fact poses a
direct threat to customers’ benefit as SRL continues to be confronted with serious risk
of product substitution coming from other imported rock lobster species. Galvin (2017)
records that over 50% of 133,000 Chinese participants surveyed were concerned about
the quality and safety of the food sold in the marketplace. Importantly, more than 60%
of these respondents did not have enough confidence in government’s actions relating
to food safety issues. Chinese consumers are keen to know whether unhealthy
pesticides or additives are in their food and whether the food is processed in an
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unhealthy and unhygienic manner (Bonney, L et al. 2019). In response to these
changing expectations of Chinese customers, the SRL industry needs to be able to be
better equipped with traceability mechanisms that enables direct communication
between Australian sellers and end consumers. Such solutions simultaneously require
consideration of a low-cost system to make it accessible for SMEs within the SRL
supply chain.

1.3

RESEARCH PROBLEM

The review of previous section has raised the awareness of food and business
challenges encountered by the SRL industry in parallel with the steady growth. These
risks spread out along the product journey from catching and delivery operations
taking place in Australia with safety and quality concerns to the challenges of fraud
and compliance in the Chinese market. The findings therefore highlight a strong
motivation for improving traceability across the supply chain and simultaneously
establishing indicators in approaching this system.
Traceability as defined above is the ability to track and trace food products at either
item or batch levels along part or all of the supply chain. From the Information
Communication and Technology (ICT) perspective, it can be seen as the link between
the data layer and physical tracking units when it moves along the chain. Within this
link, product identification acts as the key component where barcode and RFID labels
are considered as the most popular choice to attach identity number (ID) and other
product information to different traceable units, such as containers, boxes or individual
items. In some large markets like the United States and European countries, food
product labelling is a mandatory regulation, and the trend of using tags and labels in
food traceability is anticipated to contribute to grow in the future (Aung & Chang
2014).
Currently, some parts of the SRL supply chain already utilise product tracking
technologies, such as barcodes and Radio-Frequency Identification (RFID) tags
primarily for batch level traceability. However, item level traceability remains limited
with the granularity, form and availability of information on individual products
varying considerably at different points along the chain. This is partly due to the high
proportion of small businesses in the SRL supply chain where the majority of
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traceability information is captured through manual handling practices and paperbased management techniques.
The conventional tagging methods have also posed a number of challenges for
consideration. On the export side of the supply chain, product tags and labels have
been the target of fraudulent activities including cloning, substitution and reuse (Khedr
2013) in ways that pose significant risks to the SRL brand. Although RFID technology
has been improved for better security and an affordable price to meet
commercialisation goals, the burden of management cost (Ruiz-Garcia & Lunadei
2011) could prevent small and medium SRL businesses using this approach.
Discussions with a number of small lobster processors in Tasmania and South
Australia reveal that many managers are not yet willing to invest in a tagging program
for individual fish to achieve an item tracking level due to the high cost and time
requirements. Moreover, a concern regarding product damage caused by physical tags
during the manipulation and transportation has been raised among supply chain
participants.
In addition to those challenges of tag-based traceability, the increased consumer
expectation is also an important consideration. It requires the industry to identify
secure, reliable and preferably low-cost ways of communicating product traceability
information directly to consumers’ mobile devices. In the context of the SRL industry,
the “low-cost” element in traceability implementation becomes more significant as
many exporters are small and medium businesses. This creates an opportunity for
image-based biometric technology to play as an ideal alternative to tag-based product
tracking along the supply chain. To address multiple dimensions of the problem space,
this research investigates lobster grading and identification using low-cost imagebased biometrics.

1.4

RESEARCH AIMS

In conducting this investigation into the use of low-cost image-based biometrics in
lobster grading and identification, there are two main aims:
•

The first aim is to develop, test and evaluate the use of image processing
techniques and CNNs for lobster grading and individual recognition. These
activities intend to discover how effective lobster features can be captured,
extracted and analysed for various grading attributes and individual
- 14 -

Chapter 1 - Introduction
identification. The aim of this research is to develop a reliable identification
system that allows lobster images to take the role of conventional tags in
product tracking practice along the SRL supply chain.
•

The second aim is to implement and evaluate the use of the automatic grading
and tag-less traceability in the SRL supply chain including end consumers in
China. This attempt is to demonstrate how the innovative traceability solution
works in practice and then establishes an important foundation for real-world
application into the entire SRL industry and other similar seafood industries.

Driven by the research aims, this research defines four objectives as follows:
Examine how photos of live lobsters are taken by low-cost cameras for automatic
grading and identification.
How can lobster photos be captured for analyses on grading and identification? There
could be multiple options in selecting a particular region of interest (ROI) or the whole
lobster body for these tasks. Choosing an appropriate approach needs to satisfy the
flexibility in capturing photo and consistency in extracting ROI from the photo.
Additionally, the challenge relating to image quality is anticipated when handling live
lobsters as the animals often react to human interaction and environmental changes.
Meanwhile, using low-cost camera devices becomes a major design constraint in this
research. This condition considerably affects the way lobster photos should be taken
to generate qualified ones for grading analysis and the recognition process. The
consideration on these factors therefore requires an investigation into the data
collection step to allow the best outcomes.
Explore the possibility of using image processing and CNNs to analyse grading
attributes of lobster.
Within the operation of the SRL supply chain, lobster grading is one of the key
procedures that involves the classification of lobsters by size, weight, colour and
quality metrics as these factors directly impact on attainable market prices for different
grades of lobster. Across Tasmania, South Australia and Victoria, this operation is
currently conducted manually using weigh-scales and manual handling which is slow
and variable in its accuracy. Therefore, the outcomes of grading analysis will aid in
the automation of a grading process for better productivity and data capture.
Additionally, the question of how accurate computer vision techniques are used to
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analyse grading attributes is posed as these values can be used as valuable filters for
the matching process in lobster identification. For these reasons, automatic grading
become a vital objective of this research.
Explore how accuracy image processing and CNNs can be used to recognise
individual lobsters.
Following the image capture and grading steps, identifying individual lobsters is
considered as the critical objective to produce a core contribution to traceability
improvement of the SRL industry. The investigation into this specific problem firstly
examines various image processing techniques and CNNs to examine the accuracy.
Following this, a combination of grading attributes and identification features into a
unified matching process is proposed to explore at what level of accuracy a lobster can
be recognised among others. Importantly, the outcome of this research is driven by
multiple factors including image quality, the nature of discriminative features of the
object and the recognition algorithms. Therefore, the discussion on both achievements
and limitations of this research is vitally important to establish foundation for further
improvement.
Develop, test and evaluate the biometric tracking models for use across the SRL
supply chain.
The ultimate goal of this research is to explore how low-cost image-based biometric
recognition can help improve traceability performance across the SRL supply chain.
These testings include the model design for product tracking operations and its
simulations in both laboratory and live supply chain environments. The outcomes of
these experiments allow researchers to identify both challenges and benefits of the
solution for future improvement and real-world deployment.

1.5

RESEARCH QUESTIONS

Drawing on the research aims and objectives, three research questions are proposed as
the key drivers for the overall work of this PhD thesis:
Research Question 1 (RQ1): How can a low-cost computer vision technology be
used to analyse grading attributes of SRL?
This RQ explores how the main grading attributes including size, weight (converted
from size) and colour can be analysed by various image processing and CNNs
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techniques. By addressing this question, the findings not only offer vital metrics for
the follow-up biometric recognition but also aid in the automation of the grading
operation inside SRL businesses for greater productivity and facilitate the data capture.
Within this investigation, using low-cost cameras for image capture is an important
constraint.
Research Question 2 (RQ2): To what extent can a low-cost computer vision
technology identify individual SRL?
Addressing this question is a critical mission of the research. Visually, the
discriminative characteristics formed by a mix of spiny patterns and colours on lobster
shells are considered to be unique to each animal. The goal of this question is to explore
how computer vision techniques can “see” and “distinguish” them based on photos
captured by low-cost cameras.
Research Question 3 (RQ3): How can the biometric recognition outcomes be
utilised to improve the traceability performance for the SRL supply chain?
Critically, the result of recognition decides the approach to product tracking across the
supply chain. This question explores the product tracking models in which the
biometric recognition outcomes can be adopted to increase the reliability of
traceability and customer interaction across the SRL supply chain. These models are
then tested in a supply chain setting to demonstrate the operation between Australian
sellers and end consumers and evaluate the efficiency.

1.6

STRUCTURE OF THESIS

Following the introduction chapter, the thesis is structured with five chapters as below:
Chapter 2 - Literature Review on Food Traceability and Computer Vision:
Reviewing the concepts of traceability and justifying how traceability is viewed as an
effective tool to deal with the food concerns. It also emphasises the role of technology
in traceability implementation and drives the focus to the advantage of computer vision
as a powerful alternative solution for product identification. Based on this, a survey in
computer vision technology is undertaken to understand how this scientific domain
benefits traceability through food grading and individual tracking functions. It also
conducts an investigation of traceability practices in some global seafood supply
chains and the SRL supply chain to obtain a practical view about this system. With the
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limitations and gaps identified in this literature review, three research questions are
introduced at the end to act as the key drivers for the whole thesis.
Chapter 3 - Methodology: With the aim of using low-cost image-based biometric to
improve product traceability for the SRL supply chain, this chapter presents the
research strategy and research design. The research strategy is structured in two phases
where the output of phase one is the critical input for phase two. Based on the research
strategy, the research design will outline the implementation steps of each phase and
its results are reported in the next two chapters.
Chapter 4 – Implementation Results: This chapter firstly presents the results of data
collection and data analysis on lobster grading and identification. During this work,
the achievements and limitations of the research are highlighted to establish a
foundation for further improvement. Following the output of phase one, this chapter
details the work of developing a prototype biometric traceability system for the SRL
supply chain and testing the hybrid biometric models.
Chapter 5 - Discussion of Research Findings: This chapter firstly discusses how the
RQs have been addressed by the research. It then highlights and interprets the
contributions of the PhD research from three perspectives: technical, traceability and
the SRL industry. Finally, it presents a synthesis of findings across the whole research
work.
Chapter 6 - Conclusions and Future Work: This final chapter highlights the
limitations of the research. Based on this, a direction for future work is suggested to
bring a low-cost image-based biometric solution into a real-world application for SRL
traceability.
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2.1

INTRODUCTION

Following the Introduction chapter, this chapter presents a literature review on food
traceability, computer vision technology and product tracking practices in global
lobster industries. The investigation into these areas is critical to establish a foundation
for methodology presented in the next chapter. As food traceability is a broad research
area with multiple concepts and approaches, obtaining an overall understanding of this
sector allows the author to shape the research direction into a particular problem space.
In this research, the key interest is placed on the product identification segment where
traditional tag-based methods have exposed a number of challenges for SRL
businesses regarding product security, quality and cost/time burdens. This acts as an
important motivation for the consideration of computer vision technology to explore
an image-based biometric recognition solution that is expected to renovate the product
tracking practices across the SRL supply chain. To build a technical background for
this research, an investigation into computer vision and its applications to food grading
and animal identification was conducted. Finally, a survey on the current product
tracking practices in some global lobster industries including the SRL supply chain
was carried out. The insights into different fields obtained from this survey will help
to build up the methodology in this study.

2.2

FOOD TRACEABILITY

Food traceability has become an essential requirement for businesses, consumers and
regulators to mitigate concerns regarding food safety, quality and product substitution.
Moreover, the increased competition as customers have become much more interested
in the origin of high-quality food products is also a strong driver of food traceability.
There has been extensive work undertaken in modelling traceability in many contexts
due to the varying complexity of the food industry and objectives of a given supply
chain. This section reviews the concepts and taxonomy of traceability perspectives and
examines the common tracking levels in food supply chains. It then explores the role
of technology application in strengthening the performance of this system.

2.2.1

CONCEPT AND TAXONOMY OF TRACEABILITY
PERSPECTIVES

The interpretation of traceability is actually broad depending on the complexity of the
food industry and objectives of supply chain operators. Golan, EH et al. (2004) agree
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that, the definition of traceability is needed to be necessarily diverse due to various
roles of this system in different supply chain contexts. Chen, R-Y (2015) links this
concept to the capability of stakeholders in tracking and tracing product movements
through the supply chain in both directions: backward and forward. Choe et al. (2009)
explain that traceability is a system used to track individual products and ingredients
through all phases and processes of the food chain. This interpretation is quite similar
to the definition in the EU General Food Law in which food, feed, and ingredients are
able to be traced through all stages of production, processing and distribution
(European Commission 2018). GS1, a world leading organization for traceability
standards, refers to this solution as, “…the ability to track forward the movement
through specified stage(s) of the extended supply chain and trace backward the history,
application or location of that which is under consideration” (GS1 2019b). Due to the
various approaches in defining the role of this system, Karlsen et al. (2013) have
analysed over a hundred scientific studies relating to food traceability in order to
explore the true definition. Their research concludes that choosing one over another
will significantly affect its implementation in practice.

Figure 4 – Three main components of a tracking system from data layer perspective

Meanwhile, there are various perspectives to approach a traceability system. Each
perspective identifies a range of dimensions inside associated with specific purposes.
In this review, an attempt to taxonomise traceability perspectives aims to create an
overall understanding. This is presented in Table 2 below. The first two perspectives
in this table show that traceability heavily relies on the data layer and its link to the
materials layer. For this reason, a tracking system is fundamentally comprised of the
three key components including product identification, data capture and data

- 21 -

Chapter 2 - Literature Review on Food Traceability and Computer Vision
sharing/accessibility as illustrated in Figure 4 (previous page). These are considered
as the main areas where information technology can create valuable contributions to
improve performance.
Table 2 - Taxonomy of traceability perspectives
Perspectives

Traceability Dimensions

Data Capture

Precision: the granularity of traceable items where data are collected, such as

(Golan, E et al.

containers, boxes or individual products.

2003)

Breadth: the amount of data that are collected to link to traceable items.
Depth: how far along the chain both upstream and downstream where data are
collected.

Data Sharing

Linear: businesses capture and share traceability information with their adjacent

(Gaetani et al.

partners on both sides of the chain (also called one step up, one step down).

2017; Kassahun

Centralised: a central shared database is used where traceability data are stored

et al. 2014)

and accessed by supply chain stakeholders.
Distributed: supply chain members maintain their own traceability systems and
connect them into a unified network based on a set of permissions.
Block chain: a special kind of the distributed model as it comprises the same data
records and shares them among participating parties associated with a robust
mechanism to protect data integrity.

Operation Scale

Internal: processes occur inside individual firms that links identify of input

(GS1 2015)

materials to finished products to enable internal tracking ability.
External: capturing and transferring information of traceable items between
trading partners to enable inter-organisations tracking ability.

Functions

Product: monitoring physical location of a product during its movement across

(Opara 2003)

the supply chain.
Process: determining the type and sequence of activities affecting product
transformation from raw materials to finished products.
Genetic: tracking the original types and species of animal, plant and their
transformed products based on genetic information.
Input: capturing information of all relevant inputs used during growing/catching
and processing products.
Disease and Pest: capturing biotic hazards, such as bacteria, viruses and other
emerging pathogens, that are harmful for food consumption.
Measurement: assuring the same assessment result for the same object across
stages of production and distribution operations.

A traceability system can also be classified by functional dimensions as shown in
Table 2. Researchers in this field have developed their own approach to functions of
traceability. Moe (1998) specified four primary contexts of general traceability
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deployment including (1) product (origin, processing history, distribution and delivery
location); (2) data (relating calculations and data generated throughout the quality
loop); (3) calibration (regarding to measuring equipment); and (4) IT and
programming (relates design and implementation back to the requirements for a
system). In the food sector, Kondo et al. (2007) summarise functions of traceability
into three groups including product, process and service. However, the classification
method proposed by Opara (2003) is considered as the finest model in the food sector.
This approach covers fully six essential functions of traceability as described in Table
2. In this research, the focus is placed at the product traceability group where problems
of provenance and authenticity of individual lobsters are addressed by improved
tracking solutions. Following the review of traceability concepts, it is important to
understand the common product tracking practices in the food supply chain with a
focus on batch and item modes.

2.2.2

ITEM VS BATCH TRACKING MODES IN FOOD CHAIN

The precision of a traceability system is decisively affected by product tracking levels
adopted by food businesses. Golan, E et al. (2003) specify two criteria to decide on a
specific approach in traceability deployment: acceptable error rate and unit of analysis
(such as container, truck, crate or individual items). Basically, the smallest traceable
unit is the individual product (or individual item) that provides the highest accuracy
for track and trace capability. This is the most desired setting of supply chain members
to guarantee the major transparency in product flows especially for high-value
commodity (Barchetti et al. 2009; Bendavid & Boeck 2011) as it allows the finergranular information to be captured from items as they move through supply chains.
However, Piramuthu and Zhou (2016) note that cost and time are still the major
barriers to the widespread implementation of this traceability option. Therefore, it is
recognised as a challenge for many SMEs in food chains when approaching item level
tracking practice.
Following the item mode is batch level traceability that requires less effort and
investment cost but could produce a higher error rate in tracking. Due to the tracking
number assigned for a group of products, the ability to query original information of
individuals could not be achieved. For example, a box of lobsters delivered to
distributor can be traced back to Australian sellers and fishers through a batch ID.
However, when the products are mixed and sold at distribution and retail areas, the
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ability to verify information of individual fish becomes impossible. For this reason,
Saltini and Akkerman (2012) suggest the adoption of smaller batch size and lower
batch mixing to improve the granularity level of traceability. With a similar
perspective, Bosona and Gebresenbet (2013) agree that reductions in batch size and
batch mixing also are important to minimise the cost of food recall activity. The
investigation into traceability levels in the SRL supply chain is presented in 2.4.2.
Regardless of item or batch tracking modes adopted by SRL businesses, the
improvement of these practices are the main targets of this research.

2.2.3

DATA SHARING MODELS IN FOOD TRACEABILITY

The way supply chain participants interact to each other strongly relies on data sharing
models. It reflects an information system architecture that traceability is built on. The
linear approach, also called “one step up, one step down” according to GS1 (2015),
requires each traceability participant to identify the direct source and recipient of
traceable items. This is also the minimum traceability requirement described in Article
18 in the European Union’s Regulation (EC) No. 178/2002. The distributed model, on
the other hand, requires that supply chain members maintain their own tracking
systems and interconnect them into a unified network (Kassahun et al. 2014). This
approach takes advantage from the infrastructure of various food firms as well as
shared responsibility regarding system maintenance costs and information
confidentiality. EPCIS is a well-known third-party platform that allows food firms to
fully control their data repository and to share information to each other in the same
product network. A recent technology, Blockchain, is designed in an innovative way
enabling information to be stored and accessed in a shared and transparent system by
all participating parties (Gaetani et al. 2017). Due to the transparency associated with
powerful protection mechanisms for data integrity, this technology trend is expected
to revolutionise traceability platforms in the food production sector.
In contrast to the first two models, the centralised model is considered as an ideal
option for small and medium food producers because they do not need to maintain
their own traceability system. As long as data are collected, each supply chain member
can enter this information into an online centralized database managed by the primary
firm. This approach, however, is challenged by the responsibility of cost management
in defining who pays for the design, development and maintenance of the system
(Thompson, Sylvia & Morrissey 2005). For supply chain models that possess a key
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industrial member, such as Australian processors in SRL export chains, the centralised
traceability system would be an effective option. Therefore, this architecture acts as a
key indicator for the improved traceability solutions proposed in this research.

2.2.4

TECHNOLOGY IN FOOD TRACEABILITY

In any traceability implementation, the data layer is the key to answering any question
about product history. From this viewpoint, the applications of ICT play a vital role to
support identification, data capturing and sharing. The survey in the first aspect has
shown a series of product identification techniques have been developed and
implemented in the food production sector. These techniques are categorised in three
main groups as follows:
•

Permanent marking: ear notching, tattooing, freeze/hot branding (Awad
2016).

•

Temporary marking: visually readable tags, barcodes, RFID tags and labels
(Frederiksen et al. 2002; Roussel, Haro & Cunjak 2000; Yan, Hu & Shi 2012).

•

Biometric: DNA barcoding (Galimberti et al. 2013), fatty acid analysis (Gaber
et al. 2016), face (Cai & Li 2013), retinal (Barron et al. 2008), iris (Sun, Yang
& Zhao 2013) and skin pattern recognition (Duyck et al. 2015).

For data capture, a range of technologies and systems have been developed and trialled
to support food tracking systems, such as wireless sensors, biosensors, electronic
measurement equipment, RFID, GPS, electronic logbook systems and image
processing (Hsu, Chen & Wang 2008; Lee et al. 2012; Phillips 2015). Looking at data
sharing and accessibility, there are also a number of models including traditional
entity-relation models and block chains (Lu & Xu 2017; Nguyen et al. 2007), and
communication interfaces, such as websites, mobile applications and client software
(Buhr 2003; Hai et al. 2007), that have been widely applied in many traceability
studies.
While there are many approaches of using ICT solutions to enhance traceability, this
research focuses on an innovative approach to enhance product identification. The
research is motivated by both the challenges faced by traditional tag-based product
tracking and the strong development of biometric recognition technology underpinned
by computer vision. Before examining the capability of image-based biometric
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technology, the next section highlights a number of key challenges of using barcode
and RFID tags in product traceability from both the general context and SRL supply
chain.

2.2.5

CHALLENGES OF TAG-BASED TRACEABILITY

Food labelling is still the dominant business practice in food traceability systems that
can be seen in both regulations and commercial systems (Aung & Chang 2014; GS1
2019a). To enable tracking capability, barcode or RFID tags are used as the primary
vehicle to carry identity numbers and other product information. However, these
methods face a range of challenges regarding fraud, product damage and cost barrier.
The use of barcode and RFID tags has been targeted by fraudulent activities including
cloning and impersonation (Awad 2016; Bilal & Martin 2013). In the context of the
SRL export chains, this problem poses significant risks to food safety and brand
reputation. Additionally, tagging of individual lobsters for traceability and quality
management purposes has been undertaken (Muggleton 2004; Sherriff 2013), but there
are industry concerns that it results in a degradation of the quality of the animal due to
damage to the horns of the lobster (Bonney, Laurie et al. 2017). Product damage
caused by physical tags has also been reported as a problem with other lobster species
(Tamm, Schiller & Hanner 2016) although in some lobster supply chains (especially
species with large claws) use of physical tags has become part of common business
practice (Fullbrook et al. 2017).
In addition to this concern, tagging individual fish results in higher cost and time for
businesses when they switch from box-level tracking to item-level tracking (Piramuthu
& Zhou 2016). For small and medium SRL processors, this barrier has discouraged
the adoption and uptake of precision tracking solutions for end consumers. In response
to these challenges, this research investigates the feasibility of identifying individual
lobsters using image recognition, resulting in greater security and certainty to the
conventional tag-based traceability. Following the literature review of food
traceability, the next section will present an overview of computer vision technology
and its application to animal recognition to enable its application within the
methodology presented in this thesis.
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value of each pixel, such as CMYK, HSV, HSL, CIEXYZ, etc. RGB is the most
popular model used in image processing since most cameras, scanners, sensors and
display equipment usually support input and output with red, green and blue channels
(Sangwine & Horne 2012). However, the disadvantages of the RGB model are the
difficulty to visualise a colour, the impossibility to evaluate the perceived differences
between colours, and the sensitivity with changes of illumination (Sangwine & Horne
2012). For this reason, most other colour spaces are converted from the RGB model
to address certain applications. For instance, HSV (hue, saturation, value) is a humanorientated space. In this model, hue is understood as colour purity, saturation indicates
the degree of colourfulness and value describes the brightness of colour. Quevedo,
Aguilera and Pedreschi (2010) emphasise that HSV together with CIELab colour space
are widely adopted in food related applications because these models effectively
represent the colours naturally perceived by humans.
Following image acquisition, a range of analysis techniques have been developed to
assist pre-processing activities, segmentation, object extraction and semantic analysis.
Within this operation, CNNs are an extremely popular method within the area of
modern computer vision technology. A CNN is a network containing multiple
convolutional, pooling, normalization and fully connected layers that are structured in
three primary blocks: input, hidden and output (Yamashita et al. 2018). The input block
receives pixel values from an image and passes it through the hidden block commonly
using convolutional and pooling layers. Convolutional layers learn features while
pooling layers assist generalisation across the image. After each convolutional layer,
an activation function most commonly using the Rectified Linear Unit (called ReLU)
is applied to obtain nonlinear transformation. At the end of this operation, all the
feature maps produced by hidden layers are fully connected through flatten and dense
layers. The output of a CNN is then passed through a loss function (such as SoftMax),
if the model is used for classification. Throughout a CNN model, convolutional and
fully connected layers have weights that are trained automatically to ensure the loss
values at the output layer to be minimised. To train the network, a loss (error) value is
calculated by comparing the actual output to the desired output. Network weights are
adjusted to minimise loss using gradient descent and backpropagation (Schmidhuber
2015). To date, CNNs have been widely applied to various tasks of image analysis
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from pre-processing to semantic analysis. The next section will present a survey of
computer vision applications in food production.

2.3.2

APPLICATIONS OF COMPUTER VISION IN FOOD
GRADING AND ANIMAL IDENTIFICATION

Computer vision technology has been proven to have successful applicability in a
range of fields. In the food production sector, problems relating to provenance, safety,
quality and productivity have created a great potential area for researchers to seek
solutions from this technological domain. A survey presented in Table 3 highlights a
number of studies in food grading underpinned by various computer vision techniques.
Table 3 - Applications of computer vision in food grading
Objectives

Methods

Studies

Assessing the freshness

Measure colour changes of eyes and gills over the

(Dowlati et al.

of gilthead sea bream

storage time using regression analysis and artificial

2013)

neural networks.
Evaluating shrimp

Measure percentage of black spot on total body

product quality and

surface and shape using image processing.

(Lee et al. 2012)

value
Detecting deficiency,

Measure the amount of bad leaves based on its

(Lloret et al.

pests, diseases or other

colours using image processing and wireless sensor

2011)

harmful agents of vines

network.

Real-time detecting

Combine both a fast image processing delivering

(Burgos-Artizzu

weeds in crop under

results in real-time, and a slower and more accurate

et al. 2011)

uncontrolled lighting

processing in segmentation.

Estimating body

Use cow’s body shape extracted from image for the

(Azzaro et al.

condition score of dairy

analysis.

2011)

Use the lightness value of the colour detected from

(Chmiel,

meat slice surface.

Słowiński &

cattle
Assessing pork quality

Dasiewicz 2011)
Automating strawberry

Use image processing to analyse shape, size and

(Liming &

grading system

colour features.

Yanchao 2010)
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At the same time, the developments in the human recognition field have also attracted
many researchers to explore the ability of using computer vision to recognise animals
for both management and tracking objectives (Awad 2016). These methods capture
images of particular regions on the animal’s body where the unique features are
supposed to exist, to assist individual identification. Depending on the nature of the
bio-characteristic, different efforts are required for data collection leading to different
reliability levels. Gaber et al. (2016) have introduced a muzzle-based identification
approach for bovine animals. Their method extracts patterns on the animal’s nose
prints using different methods and feeds this dataset into machine learning algorithms
for individual recognition. In a similar process, powerful biometric solutions have also
been reported in studies by using the vascular vessel patterns of the retina (Barron et
al. 2008), or shape, size and texture of the iris (Sun, Yang & Zhao 2013). However, a
challenge could emerge at the image acquisition stage due to the resistance of animals
when taking photos at close distances. Face recognition has also achieved remarkable
success in cattle identification. Hansen et al. (2018) and Kumar et al. (2017) have
proved the feasibility of this biometric method for farm animals, such as cows, pig and
sheep. Although capturing face images requires less effort compared with retinal and
iris approaches, the quality of face images is susceptible to problems of pose and
illumination variance. Another approach concentrates on visible unique spots and
minutiae on the animal’s body, such as whale sharks and Otago skinks and uses such
patterns for the recognition objective (Duyck et al. 2015; Kühl & Burghardt 2013). For
some crustaceans species, the feasibility of identifying individuals has been explored
based on external body characteristics, such as snow crab (Gosselin, Sainte-Marie &
Sévigny 2007), coconut crab (Oka, Matsuzaki & Toda 2013) and rock shrimp
(Gallardo-Escárate, Goldstein-Vasquez & Thiel 2007).
In approaching SRL, some researchers have examined the unique features between
individuals formed by shell structures observed at the head and the ventral plate areas
(Knights 2007; MacDiarmid et al. 2005). Discussions with lobster experts at IMAS
also indicate that the natural colours combined with spiny patterns visually observed
on the lobster carapaces could provide a high possibility for individual recognition.
Additionally, this body part of the lobster tends to be more stable compared to the tail,
legs or horns when the animal moves or reacts. These two advantages offer a high
feasibility of identifying individual lobster for tracking purpose along the chain
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underpinned by computer vision techniques. Before moving to the methodology to
address this goal in the next chapter, it is necessary to examine the product tracking
practices in several global lobster industries including SRL supply chain to obtain a
practical view about traceability systems. This review is important to consolidate the
significance of the research conducted by the author.

2.4

TRACEABILITY PRACTICES IN GLOBAL LOBSTER
INDUSTRIES

The survey into this fact is firstly carried out on traceability practices of several global
lobster industries to attain an overview at international level. It then provides an insight
into the product tracking operations of the SRL supply chain based on both literature
review and field visits.

2.4.1

PRODUCT TRACKING PRACTICES IN GLOBAL
LOBSTER INDUSTRIES

Generally, the identification methods at item level (individual lobster) in some global
lobster industries heavily rely on tagging. For example, the Maine lobster industry in
the United States has implemented a tracking system for individual fish to support
consumer query information about lobsterman, catching time and location (Trace My
Lobster 2015). This system uses individual tagging labels with a QR code on one side
and tracking number on the other side. Similarly in the Canadian lobster industry, a
traceability system using a tag attached to individual lobsters by an elastic band has
been in operation in Québec since 2012 (The Regroupement of Professional Fishermen
of the Southern Gaspe 2018). Customers in this supply chain can type the code
collected from this tag on their website (www.monhomard.ca) to discover original
information about the product, such as fishing zone and fishers. Also, in 2011 the
Lobster Council of Canada conducted a pilot traceability project for participating
businesses including harvesters, buyers, processors, and brokers/exporters. It included
an analysis phase (Canadian Lobster Council 2011) and implementation phase in 2015
(Canadian Lobster Council 2015). However, this pilot project mainly focused on batch
level tracking and did not mention any tracking technique for individual lobsters. As
with the same common tagging approach adopted in other seafood supply chains,
tracking individual products in the lobster industries primarily relies on QR code
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labelling. From the overview at the international level, the next section will report the
investigation results of this practice within the SRL supply chain.

2.4.2

PRODUCT TRACKING PRACTICES IN THE SRL SUPPLY
CHAIN

Within the SRL export chain, Australian lobster processors are considered as key
industrial members where most post-harvest activities are taking place. At this
location, product tracking practices were investigated through field trips and meetings
with industry partners in Tasmania and South Australian combined with the literature
review. Details of these field trips and meetings are reported in the Appendix A. The
result of this investigation is summarised in the four primary points below:
Paper based management system: across the SRL industry in Tasmania, Victoria
and South Australia, paper-based management still occupies the main operation at
boat, transportation and processors. Except the southern zone of South Australia where
electronic logbook (DeckHand) is in widespread use for fishermen, traditional
logbooks and worksheets are the most popular format for recording and storing data.
DeckHand has been trialled in Tasmania in recent years but is still only in a small
participating group. There are mixed responses from a range of stakeholders for this
technology. While fishermen can easily recognise the advantages in increasing the
accuracy and accessibility, business managers express concerns about data privacy and
control permission once all the data are stored in the same database system. Moreover,
in the context of regulatory compliance, fishers might lose their motivation to adopt
new technology if it does not help to improve the reporting task.
Inside lobster processors, a range of paper forms are designed to support their own
business operations including receiving, grading, daily monitoring, packing and
delivery. Thus, poor data quality produced by this paper-based management system is
revealed. Data under this format not only has low accuracy but also causes a large
barrier for real-time access required by modern traceability systems.
Manual handling practices: this fact can be observed through lobster grading and
environmental monitoring procedures within the lobster processors’ facility. Lobsters
are classified by different quality metrics using weight scales and manual handling as
shown in Figure 6. This operation is slow and variable in its accuracy. Beyond the
performance issues, a set of worksheets attached to this work also results in poor data
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quality. At the same time, the operation of monitoring water quality is performed
manually with various sensors in a discrete way leading to missing a part or an entire
dataset of valuable environmental attributes.

Figure 6 - Manual grading operation at a lobster processor

Limited batch level traceability: at some large processors in Tasmania and South
Australia, a batch level tracking system has been implemented to link back to a catch
and individual fishermen. This model, however, is operated in a simple way using a
colour-coded tagging method, paper-based records and handwritten notes on white
board. Figure 7 presents snapshots of the batch level tracking system deployed at a
lobster processor in Tasmania. Basically, this system can assist processor staff to trace
back from recent fish crates placed in storage tanks back to fishers and catching dates.
However, the tracking ability is dramatically reduced for delivered boxes where the
animals are picked from different baskets/tanks (across multiple fishermen’s catches)
to fulfil customer’s order. More importantly, under this batch level tracking scheme,
any query to original information of individual lobsters at retail marketplace is
impossible.

Figure 7 - Snapshots of simple batch level tracking applied inside a lobster processor

Individual lobster tagging programs: the effort of tagging individual SRL has been
recognised across Tasmania, South Australia and Victoria from both practical
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observations and literature reviews. From the compliance aspect, SRL products used
for the domestic market are required to be tagged using yellow plastic seals as shown
in Figure 8a. At the same time, a program called “Clean Green” has been deployed for
SRL products since 2005 to define standards for food safety and quality, work health
& safety, environmental impacts, animal welfare and sustainability (Sherriff 2013). A
highlighted outcome of this framework is the individual fish tagging project applied
for both exporters and importers along the supply chain. A tag sample used in this
project is presented in Figure 8b. These domestic and Clean Green tags are designed
with logos and texts that aims to attract the awareness of customers on the aspects of
compliance and sustainability. However, there is currently no connection between
these labels and any backend tracking system. Therefore, traceability of individual
lobsters in the SRL industry is still unattainable.

(a) Individual tags used for the domestic markets

(b) individual tags used in the Clean Green program

Figure 8 - Samples of lobster tags

2.5

RESEARCH GAPS

The investigation across the SRL industry, traceability system and computer vision
technology has identified important knowledge gaps for this PhD research. It can be
summarised in three key points as below:
-

While the SRL industry is a strategic export fishery of the Australian economy
and continues to grow, it faces challenges that pose risks to the fishery's
economic and environmental sustainability including: (1) Outbreaks of marine
biotoxin and fish mortality/damage during transportation have raised food
safety and quality concerns, (2) Product substitution via fraudulent business in
export markets impacts the SRL premium brand, (3) ChAFTA is changing
requirements for food compliance regulations and, (4) consumer expectations
for food quality, authenticity and provenance information on products is
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increasing. In this context, improving product traceability has been identified
as an important strategy for the SRL industry in addressing these challenges.
-

Some parts of the SRL supply chain already utilise product tracking
technologies, such as barcodes and Radio-Frequency Identification (RFID)
tags primarily for batch level traceability. However, item level traceability
remains limited with the granularity, form and availability of information on
individual products varying considerably at different points along the chain.
This is partly due to the high proportion of small businesses in the SRL supply
chain where the majority of traceability information is captured through
manual handling practices and paper-based management techniques. It is also
partly due to the continued relatively high cost of tools and techniques available
to automate and digitise traceability data captured at the item level. Therefore,
developing an automatic and low-cost traceability solution is an important
consideration for the SRL industry.

-

Within the conventional product tracking methods, tagging has also posed a
number of challenges for consideration. On the export side of the supply chain,
product tags and labels have been the target of fraudulent activities including
cloning, substitution and reuse in ways that pose significant risks to the SRL
brand. Additionally, the increased consumer expectation also requires the
industry to consider a secure, reliable and preferably low-cost ways of
communicating product traceability information directly to consumers’ mobile
devices. To address multiple dimensions of the problem space, this research
investigates lobster grading and identification using low-cost image-based
biometrics.

2.6

CHAPTER SUMMARY

This chapter has summarised the investigation results across traceability theory,
computer vision technology and product traceability practices in several lobster
industries. From this background, the key knowledge gaps have been identified as an
essential motivation for this PhD research. Specifically, the research is oriented to the
use of low-cost image-based biometrics in lobster grading and identification to
contribute insights that it is anticipated will be valuable to the SRL industry's efforts
to address its traceability challenges. In response to this goal, three research questions
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(RQs) introduced in 1.5 play as an essential driver for the whole PhD research project.
The next chapter will present the methodology covering research strategy and research
design to address these RQs.
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3.1

INTRODUCTION

This is the methodology chapter demonstrating the research strategy and research
design. Motivated by the current challenges of the SRL industry and the traceability
practices within its supply chain, this research investigates the use of low-cost imagebased biometrics in lobster grading and identification to contribute insights that is
anticipated will be valuable to the SRL industry's efforts to address its traceability
challenges.
Image-based biometrics deploying computer vision techniques have previously been
trialled in many studies of individual animal tracking as explained in 2.3.2. These
studies have highlighted the importance of understanding identifiable animal
characteristics as well as the processes used for capturing and analysing digital images.
In this research the key attributes of SRL that are captured and analysed relate to the
lobsters' size, weight, colour and spiny shell carapace patterns. Using these data, this
research investigates the feasibility of combining image processing and machine
learning techniques to support automatic grading and individual identification of
lobsters for processors, distributors and consumers in the SRL export supply chain.
Within this process, using low-cost device cameras for image capture becomes an
essential constraint to make the solution adaptable to end consumer camera devices
and accessible to many small and medium-sized enterprises (SMEs) in the industry.
Driven by the three research questions introduced in the previous chapter, the
methodology is structured with the research strategy and research design as presented
in the following sections.

Figure 9 - Research strategy and design
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3.2

RESEARCH STRATEGY

The research methodology utilised in this investigation involves a two-phase research
strategy and design as depicted in Figure 9 (previous page). In this strategy, the result
of phase one is utilised for the demonstration of phase two. The interpretation of this
diagram is presented in two subsections below.

3.2.1

PHASE ONE: DEVELOPING AND TESTING AUTOMATIC
GRADING AND MULTIMODAL IDENTIFICATION
SYSTEM

Phase one identifies key lobster characteristics and develops and tests image capture
and analysis methods for both automatic grading and individual lobster identification.
In multiple field visits to lobster processors, the practical observations combined with
discussions with lobster experts at IMAS reveal that each SRL could be discriminated
from others based on the diversity of natural colours and spiny patterns on the shells.
From here, the investigation is conducted to examines how these characteristics can
be captured, extracted and analysed for both automatic grading and identification with
the assistance of image processing and CNNs. A key consideration for the image
capture being how to utilise low-cost camera equipment that would be accessible to
existing small and medium businesses in the SRL industry, and adaptable with mobile
devices by end consumers.
Lobster grading is one of the key operations at lobster processors, where the products
are classified by size, weight, colour (dark red and pale red) and other quality scores.
While this procedure is currently undertaken manually using weight scale and visual
observation results are slow and variable in their accuracy. Automating this operation
would offer multiple benefits including aid into the productivity of businesses,
enhanced data capture for traceability and, extra filtering metrics to the identification
process at individual level. In this research, a number of key grading attributes of
lobsters including size, weight (converted from size) and colour are focused for the
analysis. Using the output of the automatic lobster grading, a physical prototype
system was developed and tested to simulate an automatic grading operation in a fish
processor.
In developing multimodal identification of lobster, the aim is to explore how feasible
a lobster can be distinguished from others automatically by both conventional image
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processing and CNNs. The investigation firstly tests individual analysis techniques to
determine the accuracy. These techniques concentrate on the shell carapaces where the
discriminative features of colours and spiny patterns exist. It then combines the
grading attributes and individual biometric characteristics, that were selected and
tested, to design and test a multimodal biometric identification system. This
architecture aims to boost the accuracy of the recognition process compared with the
individual biometric sources. The whole research activities in this phase have been
conducted in one and a half years of the PhD project that aims to produce the results
for developing and testing biometric traceability models for the SRL supply chain in
phase two.

3.2.2

PHASE TWO: DEVELOPING AND TESTING BIOMETRIC
TRACEABILITY MODELS FOR THE SRL SUPPLY
CHAIN

Building on the results of phase one, phase two focuses on approaches to develop and
test traceability models that could be implemented for the SRL supply chain using lowcost image-based biometrics. It firstly involves the development of biometric
traceability models that rely on the identification capability of the multimodal
biometric system. Due to the challenge of the false-positive rate that still remains high
at this stage of the research, the product tracking simulations examine hybrid models
deploying lobster images and physical tags at item and batch levels. In these hybrid
models, the biometric attributes extracted from lobster photos act as the pieces of
evidence in addition to the tag ID to validate the genuine products. Moreover, when
combined with tag ID attached to a box of product, lobster images can act as an
identifier to trace an item at tracking level. In turn, the role of product IDs at either
individual product level or batch level enables a 1-to-1 or 1-to-some matching
mechanism in the recognition process. Regardless of hundreds or thousands of images
in the database, these authentication models are expected to minimise the falsepositive rate compared with the conventional identification model that solely relies on
lobster images. In both scenarios of the hybrid models, an extra module on SRL species
identification was also developed and used to handle unmatched cases. The goal of
this module is to enhance consumer confidence because it ensured that only genuine
SRL products could be verified even if there were problems with individual
verification based on tag ID or lobster image.
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Based on the conceptual traceability models, phase two also develops a prototype of
an image-based biometric system for traceability, using a mobile application and
verification server. The system is utilised to simulate the traceability communication
between Australian SRL exporters and Chinese consumers in the laboratory
environment. This prototype considers the centralised traceability architecture where
distributors and consumers in the export market (i.e. China) can use mobile
applications to request historical information of SRL products to the central
verification server placed at Australian processors. As described in 2.2.3 this design is
suitable for the SRL supply chain where Australian processors occupy a key industrial
role between fishers and Chinese customers.
At the end of phase two, the hybrid biometric traceability models and the species
identification module are evaluated in the laboratory environment to evaluate
efficiency. The whole research activities in this phase have been conducted in one year
of the PhD project with the aim of producing a proof of concept for evaluating the
feasibility of using low-cost image-based biometrics to improve product traceability
for the SRL supply chain. Based on the approaches established in the two-phase
research strategy, the research design presented in the next section will outline the
steps taken within each phase.

3.3

RESEARCH DESIGN

This section outlines the steps taken within each research phase including data
collection and analysis. For data collection in phase one, key lobster characteristics for
grading and identification are identified together with other conditions to support
image capture. It then investigates a range of image processing techniques and CNNs
to analyse grading attributes, develop prototype of the grading system, analyse lobster
identification and develop a multimodal biometric identification system. Throughout
this process, the grading analysis is carried out with the aim of producing a vital
contribution to the recognition process, the productivity of business and data collection
for a digital traceability system. Across the work in this phase, the conventional image
processing techniques are firstly examined to discover the capability of problemsolving. It then moves to the application of CNNs to solve the challenges of ROI
segmentation and feature extraction for the identification. Based on the output of phase
one, phase two takes steps to develop biometric traceability models and a prototype
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image-based biometric system for traceability. It then conducts testing on the hybrid
traceability models to evaluate its efficiency.

3.4
3.4.1

PHASE ONE: DATA COLLECTION
IDENTIFYING REGIONS OF INTEREST (ROIS) FOR
GRADING AND IDENTIFICATION

Identifying the ROIs for automatic grading and identification is the first important step
to decide how photos of lobsters are taken for analysis. In this investigation, the
question of which ROIs on lobster body being focused needs to be addressed, because
it decides an appropriate capture angle.

Figure 10 - Top and bottom points of lobster carapace

In the current grading practices inside lobster processors, lobster products are
classified by different criteria such as carapace size, weight, colour, sex, and some
other quality scores. The observations specify that the key grading attributes including
carapace size, weight (converted from size) and colour can be measured from a topdown viewpoint. Therefore, a lobster image captured from this angle allows the size
of the carapace to be measured. As shown in Figure 10, the top and bottom points of
the carapace are the main coordinates to assist the size calculation. From here, lobster
weight can be estimated based on the existing length-weight formula. For lobster
colour, the classification often relies on various parts of the body, such as tail,
carapace, legs and abdomen. Discussions with staff at some processors indicate that a
lobster carapace can be used as the regular representative areas for colour
categorisation (dark red and pale red). In this way, the top-down capture angle can
satisfy the objective of colour classification. Beside these main attributes, the lobster
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images captured from this angle also offer a potential for counting legs and horns and
detecting body defects (on the top surface of the shell). Lobster sex is normally
determined based on bottom part of the tails or the abdomen. However, some
experienced staff at lobster processors reveal that this attribute can be identified based
on the tail shape from top-down view angle.
From the identification perspective, visual observations show that lobster shells carry
a diversity of natural characteristics that could be unique to each lobster. In this regard,
several studies have examined the unique features between individual lobsters formed
by shell structure observed at the head and the ventral plate areas (Knights 2007;
MacDiarmid et al. 2005). Discussions with lobster experts at IMAS also suggest that
the natural colours combined with spiny patterns visually observed on the lobster
carapaces could provide a high possibility for individual recognition. Additionally, this
body part tends to be more stable compared with the tail, legs or horns when the animal
moves or reacts. These two advantages offer a great opportunity for both the grading
and recognition tasks to be conducted from top down. Therefore, this research focuses
on the shell carapaces of lobsters for the investigation.

3.4.2

CAPTURING LOBSTER PHOTOS USING LOW-COST
CAMERAS

In addition to the capture angle from top down to extract the ROIs, a number of other
factors including skewed angle, camera distance, light condition, resolution and object
status, should be examined for camera setting during taking photos. With the goal of
using common and low-cost cameras for image capture, such as Raspberry Pi cameras
or phone cameras, the consideration on these factors becomes more significant to
optimise the image quality. To explore the best practices for image capture, the
following analyses are conducted with the aim of establishing guidelines for the data
collection activity:
Skewed angle: To capture lobster images for the analysis, an assumption is made
based on a realistic customer scenario, where they may not place their camera right at
the central point of the object when taking a photo. Thereby, a set of three cameras is
setup around the object at the central point and both left and right sides with a
reasonable skewed angle (between 15 to 20 degrees) as shown in Figure 11 (next
page). This setting also allows multiple image versions of the same object to be
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chain. This factor has become a constraint for the main data collection activity
described in Chapter 4.

High light reflection

Poor light condition

Figure 12 - Problems with image quality due to improper light source

Image background: it considerably influences the accuracy of object extraction when
using conventional image processing techniques. For example, with a thresholding
method, a lobster object can be segmented from the background if there is a clear
disparity in colour between these two regions where a threshold value can be
determined. In this context, a black background should be an ideal option, so any pixels
that are not black are determined as part of the object. However, this constraint makes
the solution to be inflexible when applying along the supply chain where the
background colours and patterns could be any. To overcome this limitation of the
conventional image processing technique, an application of CNNs is investigated to
automate the segmentation precisely. However, minimising light reflection caused by
colours and material of the background should be still a vital consideration to produce
the best outcome for object segmentation.
Image resolution: There is a trade-off between the level of details retained in image
and computing performance that are affected by resolution. A high resolution is an
ideal option to reserve fully biometric features for recognition but simultaneously
results in high computation complication (Wu, X, Zhang & Wang 2003). Determining
an optimal resolution strongly depends on the nature of the input dataset and it needs
to be tested in multiple cases to make a conclusion. For SRL images, a Raspberry Pi
camera version 2 can produce a resolution up to 2464x3280 pixels. However, this
default setting is too large to be handled by image processing and deep learning
models. In this research, the original photos are down sampled to 600x800 pixels that
can perfectly generate output carapace images within 300x300 frames for the analysis
with CNNs. The detail of ROI extraction is explained in 3.5.1. In this research, a
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reduced resolution photograph is considered to boost the processing time, making it
more applicable into the supply chain context.
Object status: this element reflects the still or moving condition of the object during
photographing. Basically, a moving object tends to cause blurry images compared with
the static condition. This issue become worse when using video mode. While highspeed cameras can mitigate this issue, it is a challenge for unprofessional cameras like
Raspberry Pi cameras or mobile phone cameras. The attempts to capture lobster
images in various situations indicates that qualified images in most cases are produced
from still objects under capture mode (not video mode). Therefore, this setting is
selected in this research for both grading and recognition tasks. Under this condition,
a challenge could still emerge when working with live lobsters as the animals often
react with human interaction and environmental changes. To address this issue, there
are some suggestions on using boxes or belts designed with inverted triangles to hold
the animals in the desired position. This research adopts advice from a lobster expert
using a PVC pipe covered with rubber. This gives the animals something to hold on
to, resulting in them being less aggressive.
The analysis in the two sections above has highlighted the key suggestions for data
collection undertaken in this research. With the capture angle from top down as well
as the controlled camera distance, lighting condition, resolution, background and
object status, the quality of lobster images is expected to fulfil the requirements of
grading and identification purposes. Further details of the implementation for data
collection are presented in 4.2.1.

3.5

PHASE ONE: DATA ANALYSIS

This section describes a range of data analysis techniques for lobster grading and
identification. It firstly demonstrates how the regions of interest (i.e. carapace areas of
lobsters) can be extracted precisely from lobster photos. Based on this output, the
investigation into various techniques for automatic grading and individual
identification are conducted as below.

3.5.1

EXTRACTING REGIONS OF INTEREST (ROIS)

Extracting ROIs is the first important step to produce output for further analysis on
size, weight, colour and identification characteristics. To address this goal, the initial
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analysis was performed using a limited dataset and traditional image processing. In
this investigation, different ROIs assisting the measurement on lobster size, weight
(converted from size), colour, sex, number of legs were segmented from lobster body
based on “manual calculation”. This manual analysis has yielded positive results when
lobster colours, poses and background colours were controlled. This work has been
published at a 2018 DICTA conference (Vo et al. 2018) and the detail can be found in
the Appendix B.
However, when applying the conventional image processing techniques in a larger
dataset with the diversity of lobster colours, sizes and backgrounds, the challenge of
accuracy in ROI segmentation have been raised. Particularly, there are four main
barriers identified when applying the manual analysis into practical circumstances:
•

With conventional image processing, the thresholding technique was used to
extract a lobster object from the background. However, the diversity of lobster
colour patterns observed in fact means that it is not practical for this technique
to work precisely in all cases based on a single parameter.

•

Another limitation of the thresholding technique is that it mainly relied on the
black background to work out a threshold for lobster colour. This constraint
makes the solution to be inflexible when applied along the food chain where
the background colours and patterns could be any.

•

For size measurement, the bottom point of the lobster carapace was inferred
based on the position of the animal’s back legs. If these legs are missing or it
lies in an inappropriate position (too low or too high), the function could not
be achieved.

•

A problem also exists in identifying the topmost point of the lobster carapace.
The coordinates of this point were determined based on a binary mask that
contains the location between the two horns and the front most part of the head.
However, this task is challenged when the front horns are close together
leading to the impossibility of producing an accurate binary mask. Explicitly,
the position of these horns is unpredictable when working with live animals.

Considering these limitations, the author took the next step towards an automated
lobster grading system. The key idea of this work is seeking the strength of CNN
models to overcome the weaknesses of conventional image processing techniques in
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classifying lobster products. Particularly, Mask-RCNN has been adopted to automate
the ROI extraction and this improved work has been published in the Food Control
Journal (Vo, Scanlan & Turner 2020). This technique proposed by He et al. (2017)
offers an ‘automatic’ mechanism to calculate a binary mask for one or multiple ROIs
from image based on deep learning results. The applicability of Mask-RCNN has been
proven in a variety of fields, such as medical (Johnson 2018), human pose estimation
and tracking (Andriluka et al. 2018), fruit picking robot (Liu, Y-P et al. 2018) or bird
species classification (Das & Kumar 2018). For lobster grading and identification
objectives, the application of this method is designed in multiple steps as described in
Figure 13.

Figure 13 - Applying Mask-RCNN to extract carapace areas from lobster images

Throughout the procedure described above, raw lobster images are compressed and
cropped to a smaller size to enable a fast processing time. To simultaneously support
individual lobster recognition, the preferred image resolution is set to 600x800 where
the output carapace areas can be fit in 300x300 frames. The compressed versions are
then cropped to 600x600 (from bottom up) to match the square input for CNN models.
Following this step, training and validating datasets are prepared for training. To
enable the Mask-RCNN model to learn the carapace areas, the image sets are manually
annotated as shown in Figure 14 (next page). This work was undertaken using VGG
Image Annotator (Dutta, Gupta & Zisserman 2019). The polygon coordinates output
is saved in a JSON file which is then passed into a training process together with the
input images.
For effectiveness, a pre-trained Mask R-CNN introduced by He et al. (2017) is taken
into consideration to avoid rebuilding from scratch. This approach not only supports
working on a small dataset but also increases the convergence speed and performance
of the model (Carneiro, Nascimento & Bradley 2015; Pan & Yang 2009) . Once the
training process becomes stable at an optimal convergence point, the generalised
network is then used to segment the carapace regions from the entire dataset.
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As such, under the support of Mask-RCNN, carapace images of lobsters can be
produced in an automatic way with high accuracy compared with the conventional
image processing approach. This is the vital input data for the next step of lobster
grading and identification. Further details of the deployment of Mask-RCNN can be
seen at 4.2.2.

Figure 14 - Carapace area annotation on lobster image

3.5.2

ANALYSING GRADING ATTRIBUTES

This section focuses on the analysis of key grading attributes of lobster including size
(carapace length), weight and colour.

3.5.2.1

MEASURING LOBSTER SIZE

This is the important metric used by fishers and processors for compliance purposes.
In this case, measuring this attribute is the basis for calculating weight. With the
carapace regions output from the Mask-RCNN model, its length can be measured
based on the topmost and bottommost points. To locate these two points, a carapace
image is converted to a binary mask where its contours are calculated. This result then
allows coordinates of the extreme points on the top and the bottom to be determined.
Once the length in pixels is worked out, it can be transformed into millimetres (mm)
using the following formula that is worked out based on the diagram illustrated in
Figure 15 (Vo et al. 2018).
lengthmm = camera_distancemm x (lengthpixel x sensor_sizemm / image_sizepixel) / focal_lengthmm

In the formula above, there are three critical parameters of camera that need to be
obtained from capturing activity including focal length, sensor size and camera
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categorisation. In this process, the average RGB colour is firstly measured on the
carapace images. This value is then converted to the HSV space for colour
classification purpose as it matches human vision. This colour space has been widely
applied in many studies regarding colour measurement (Bhagvati & Haritha 2005; Du
& Sun 2005; Hamuda et al. 2017). In this research, the key idea of working in the HSV
space is to use Hue and Saturation channels for the classification purpose as they
describe the pure colour and colour intensity. The Value channel, on the other hand, is
not considered in this case as it refers to the brightness degree.
Although there are various ways to conduct a supervised classification with two
classes, this research suggests a simple approach based on Euclidean distance. With
the pair of Hue and Saturation, a Euclidean distance is calculated by contrasting it with
a base colour. In this research, black colour is chosen for this function although it could
be any colour. Based on the set of distance values yielded from two groups of dark red
and pale red, a possible threshold between them can be discovered to serve the
classification purpose.
As such, the analysis above has highlighted the ability to measure lobster size, weight
and colour effectively from photos. This is the significant result to move to the next
steps of developing an automatic grading system and multimodal identification
system. More details of the implementation of these grading techniques are reported
in 4.2.3.

3.5.3

DEVELOPING AND TESTING PROTOTYPE OF
AUTOMATIC GRADING SYSTEM

Developing a grading system is a significant step towards an automatic solution for
not only the productivity interest of business but also the improvement of data
collection for traceability. Through this system, a range of product information
regarding catching and delivery can be transformed from paper-based worksheets to
digital format for instant access. Lobster grading attributes are also automatically
extracted and saved in the same format. In addition to this, a grading system placed at
the processor facility will act as an essential data collector to build up an image
database and other historical product information for an automatic traceability system.
The prototype system developed in the lab is inspired by the commercial grading
systems used in fish centres. Its conceptual design as illustrated in Figure 16 includes
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compressed to 600x800 resolution to serve the grading analysis. After many
tries in different scenarios, the authors decided to take photos of lobsters in the
static condition to avoid any blurring of images in the processor to give the
greatest quality for comparison to the end consumers’ device. Right after the
analysis is completed, a signal is generated to restart the conveyor belt for the
next round.
•

Based on the outcome of image analysis, the profile of each lobster is added to
a csv log file corresponding to its ID number. At the same time, this result is
also displayed on a screen for inspection purposes.
Table 4 - Sample profile of each lobster collected by the grading system

Groups

Attributes

Sources

Product ID
Image ID
Lobster Grading
Attributes

Length

Recorded automatically by image

Weight

processing techniques.

Colour
Grading date
Grading time
Processor
Tank ID
Basket ID

Origin information of

Fisher name

product

Fisher ID

Entered manually by grader.

Arriving date
Catching location
Docket

To measure carapace length precisely, lobsters need to be placed in a straight position
on the conveyor belt. At the same time, the software allows users to enter information
about the origin of fish before starting the image analysis to support the automatic
traceability system. This information is taken from the processors’ management
records when receiving lobsters from fishers. This step should be performed only once
if the fish come from the same catch. Also at this stage, users enter the initial counting
number so the software can create a correct ID number for each lobster. In this way,
when the software stops for any reason then restarts, the ID number can be continuous.
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With this design principle, a typical profile of each lobster produced by the software
will carry two groups of information as depicted in Table 4 (previous page).
To produce a proof of concept of the grading system in the lab, only one PiCam is used
in the rear location to capture lobster photos as shown in Figure 16. However, a set of
three or more cameras can be setup at this place to support data collection for the
identification process. This allows at least 3 images per lobster to be captured and
saved in the database for the matching process with photos sent by consumers.
With the design and operation principles built in this section, a prototype of an
automatic grading system for use inside lobster processor’s facility can be developed.
Building such a system is a significant step of this research in enhancing the
productivity of business and simultaneously assisting the data collection for an
automatic traceability system. Based on this architecture, section Error! Reference s
ource not found. describes how the system prototype is developed and tested in the
laboratory.

3.5.4

ANALYSING LOBSTER IDENTIFICATION

The research on lobster identification creates a direct contribution to the overall
investigation of a low-cost image-based biometrics for the SRL traceability. Following
the analysis of lobster grading, the ability to identify individual lobsters based on the
unique features observed on the shells is explored through various computer vision
techniques. As discussed in 3.4.1, carapace areas will be the main ROI for the
identification analysis. In this research, both conventional image processing and CNNs
are examined for the analysis. Conventional image processing techniques leverage
colour and texture histograms for the experiments, as these techniques are expected to
extract the most discriminative characteristics formed by natural colours and spiny
patterns. In parallel with these methods, the use of CNNs, particularly a Siamese
network, aims to examine the capability of deep learning algorithms in understanding
these distinguishable features. The justification for each method and its application are
described in the following subsections:

3.5.4.1

COLOUR HISTOGRAM

Colour features have been extensively employed as a powerful descriptor in image
retrieval engines (Chakravarti & Meng 2009; Schaefer 2011). In such systems, a
colour histogram is the most commonly used feature representation for measuring the
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similarity between two images. A colour histogram represents the intensity distribution
of pixel values within a value range of a certain colour space (i.e. 0-255 for each
channel in RGB). Thus, the similarity between two images is defined as the distance
between their respective histograms (Berens, Finlayson & Qiu 2000). The key
advantage of this method in image matching is the invariance in rotation, translation
and scaling (Shih & Chen 2002). It also provides simplicity, low storage requirements
and the possibility of real time application while remaining highly effective (Iqbal,
Odetayo & James 2012). However, Koubaroulis, Matas and Kittler (2000) state that
histograms are still susceptible in environments of variable illumination. Therefore,
maintaining a consistent ambient lighting condition is an important requirement for
colour-based image comparison.

Two SRLs

SRL vs other lobster species
Figure 17 - Colour histogram for lobster identification

In approaching a biometric verification model for SRL, the colour histogram method
offers a meaningful image descriptor for the matching process. It can effectively detect
- 55 -

Chapter 3 - Methodology
non-SRL species based on their natural colours. This capability is demonstrated
through two examples shown in Figure 17 (previous page). In these experiments, the
similarity score (using Chi-square distance) between two SRLs (calculated based on
the carapace areas) is much smaller than the value yielded between two different
lobster species. As a result, a threshold can be easily determined to distinguish between
SRL and non-SRL products. This verification method is expected to significantly
improve customer confidence, especially for situations when they are not able to
visually recognise SRL products, for example the similar colour red and appearance
of other lobster species.
For individual recognition purposes within SRL species, this approach could not be
used as an independent identification method due to the strong colour similarity
between the animals. However, it can be used as a useful filter combined with other
biometric trails to enhance the matching process. The implementation results of this
method using a large dataset collected at a lobster processor are reported in 4.2.5.1.

3.5.4.2

TEXTURE HISTOGRAM

Texture is the second popular image descriptor besides colour histogram used in image
retrieval systems. It refers to the visual patterns which show granular details of an
object (Iqbal, Odetayo & James 2012). Texture can be analysed by structural and
statistical approaches. Iqbal, Odetayo and James (2012) explain that the structural
texture analysis is utilised when a surface pattern is repeated, such as floor design that
contains the same pattern. Statistical texture analysis is suitable for the surface pattern
that is not regularly repeated in the same pattern, such as different flower objects in a
picture that normally contains similar properties, but not exactly the same (Iqbal,
Odetayo & James 2012). To date, texture-based techniques have been successfully
applied in many research areas including face recognition (Ghorbani, Targhi &
Dehshibi 2015), object detection (Yu et al. 2010), palm tracking (Gao & Cao 2013),
and classification of bovine meat (Basset et al. 1999).
In this research, in applying texture analysis for recognition on SRL, Local Binary
Pattern (LBP) is adopted for of its simple representation, efficient calculation, low
computational complexity and its tolerance against illumination changes (Heikkila &
Pietikainen 2006; Sajida, Nadeem & Jherna 2016). This combination of statistical and
structural based models was firstly proposed by Ojala, Pietikainen and Harwood
(1994). Importantly, this technique computes a local representation of texture that is
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constructed by comparing each pixel with its surrounding neighbourhood of pixels.
Therefore, this enables it to focus on spiny patterns of carapaces that could be different
between any two lobsters. An example of using LBP analysis for lobster images is
depicted in Figure 18. The carapace region that has been segmented from original
lobster image is processed by LBP to construct a texture representation. The output
LBP array is then computed to produce the histogram. With the same mechanism of
the colour histogram, the similarity score between two lobsters is determined based on
the distance between two respective LBP histograms. In this example, the distance
between two images of different lobster species is larger than the one yielded from the
same due to the difference in their patterns. The effectiveness of this techniques will
be evaluated in 4.2.5.2 using a larger dataset collected at a lobster processor.

Two SRLs

SRL vs other lobster species
Figure 18 – LBP for lobster identification
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3.5.4.3

CNN-BASED SIAMESE NETWORK

CNNs are an extremely popular method within the area of modern computer vision
technology. The applications of CNN for recognition purpose including human,
animals and objects have been a major trend in many studies due to the powerful ability
of deep learning in feature analysis (Liang & Hu 2015; Qiao et al. 2019; Wu, D,
Sharma & Blumenstein 2017). While there are different approaches to use CNNs for
individual identification, this research considers the CNN-based Siamese architecture
that was firstly introduced by Bromley et al. (1994) for signature verification. To date,
this model has been successfully applied in the areas of face recognition (Taigman et
al. 2014), voice recognition (Nagrani, Chung & Zisserman 2017), object tracking
(Bertinetto et al. 2016), human re-identification (Varior, Haloi & Wang 2016) and
chromosome classification (Jindal et al. 2017).
A typical Siamese neural network consists of two identical sub-networks that accepts
two inputs; they learn their discriminative features and produce a similarity score
between them. Using this score, a threshold can be applied to determine whether the
two images measured are similar enough to be considered of the same object. By using
a contrastive loss function introduced by Bromley et al. (1994), the network aims to
produce feature representations of input images in a way so that its distance metrics
are minimised for similar pairs and maximised (to at least a predefined margin) for
dissimilar pairs. Compared with the conventional CNN-based classification
approaches, a Siamese network offers advantages of working on a large number of
classes, but only a small number of examples per class. They are also capable of
distinguishing completely new classes (Hsiao et al. 2019).
In the investigation of SRL recognition, the workflow for the Siamese network is
illustrated in Figure 19 (next page). Each pair of carapace images is fed into two
identical CNN branches for extracting the abstract features that are then compared to
each other to calculate a similarity score (using L1 distance in this research). Critically,
the Siamese network is trained through the base CNNs. To avoid building from
scratch, the construction of these networks is inspired by the VGG16 model proposed
by Simonyan and Zisserman (2014). This is a well-known deep learning model that
achieved the best results for image localisation and classification in the ImageNet
Challenge 2014. Originally, VGG16 was designed to work with more than 21,000
object groups of the ImageNet (Simonyan & Zisserman 2014). However, the base
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CNNs used in this research are generated using less convolutional layers to speed up
the training time on the lobster dataset that has much smaller number of classes.

Figure 19 - Architecture of Siamese network

To increase the learning capability of the Siamese model, the distance scores are
normalised into the value range (0-1). It is then processed by a loss function to evaluate
the loss and accuracy based on the prediction and ground truth. By using a contrastive
loss function, the model weights are trained in a way that minimizes the distance
between two similar images (of the same lobster) and maximises the distance between
dissimilar images (of different lobsters). Once the model converges at an optimal point
stably over time, the generalised network is then used to evaluate the performance of
recognition in the entire dataset. The entire work of Siamese network for lobster
identification has been published by Vo et al. (2020) in the Food Journal.
The investigation into different techniques above has highlighted the potential of
identifying individual lobsters based on colour, texture and deep learning capability.
With the process described in each approach, section 4.2.5 provides more details on
the implementation steps and results. While the investigation has tried to work on
different dimensions of the identification characteristics to examine the accuracy, each
technique introduced in this section could face the challenge of a false-positive rate
due to the high similarity among individual SRLs. For this reason, the next section will
propose a multimodal system that combines grading and identification outcomes to
enhance the overall accuracy for the recognition process.

3.5.5

DEVELOPING AND TESTING A MULTIMODAL
BIOMETRIC SYSTEM

Exploring the feasibility of lobster recognition is the important goal of the research in
phase one. For biometric research, Dass, Nandakumar and Jain (2005) stress that a
system, that solely relies on a single source of information (called the unimodal
system), could suffer from limitations like the lack of uniqueness, non-universality and
- 59 -

Chapter 3 - Methodology
noise data. As a result, it may not be able to achieve the desired effectiveness in realworld applications. For this reason, a “Multimodal Biometric System” has been
proposed by researchers to solve the problems of false-positive and false-negative
generated by an identification system in large scale applications (Jain, Hong &
Kulkarni 1999; Jain, Ross & Prabhakar 2004). Such a system combines multiple
biometric sources, such as face, fingerprint or multiple fingers of a person, to increase
the reliability of the matching process. According to Jain, Ross and Prabhakar (2004),
the combination model can be implemented through parallel or linear modes. While
the parallel mode requires checking multiple traits at the same time for decision
marking, the linear mode conducts a one-by-one checking and a decision could be
arrived at without acquiring all the biometric sources.

Figure 20 – Design of a Multimodal Biometric System for SRL

For SRL, in this research, a mixed mode for size, colour histogram, texture and
Siamese scores was adopted. Many lobsters have similar sizes and using this metric
early in the matching process aims to of narrow the search space. The output of this
step continues through a parallel checking of the colour histogram, texture and
Siamese scores as shown in Figure 20. This design is proposed to utilise the three
biometric components that are extracted from the same carapace region with different
mechanisms. While one of them might not be reliable enough to make a decision due
to the high similarity among the animals (colours and spiny patterns), combining them
is necessary to strengthen the matching process. Importantly, the model of this system
can be extended for other biometric metrics once they are collected in future research.
Within the parallel checking for the metrics as seen in Figure 20, there are two fusion
mechanisms to support decision making (accept or reject) based on the research of
Jain, Ross and Prabhakar (2004). The first approach relies on the result (reject or
accept) of each biometric component and then makes the final decision through a
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voting scheme. For example, in a voting scheme using 2/3 proportion, when colour
histogram and texture indicate “reject”, the final result will be “reject” regardless of
the result of the Siamese similarity score. To employ this procedure, each biometric
component needs to own a separate threshold to support decision making. In the
second approach, each biometric matcher provides a similarity score (no threshold
applied at this stage), and they are combined to assert the veracity of the claimed
identity. In this case, only one threshold value is applied at the end to enable decision
making. For both the approaches mentioned above, the thresholds should be defined
based upon data distribution of two main groups: positive and negative matching.
With the attempt to identify individual lobsters for traceability purpose, the
multimodal biometric system developed in phase one has created a significant output
for the research. It takes advantage of multiple characteristics analysed from lobster
images to achieve the best identification capability during the matching process. The
design of this system simultaneously creates an extendable framework for future
improvement when more identification trails can be collected. Further testing activity
on this system is demonstrated in section 4.2.6.

3.6

PHASE TWO: DEVELOPING AND TESTING
PROTOTYPE BIOMETRIC TRACEABILITY

This phase demonstrates how the low-cost image-based biometric solution can be used
to improve the traceability for the SRL supply chain. It firstly develops hybrid product
traceability models that suit the identification outcome of phase one. Based on these
models, a prototype of an image-based biometric system for traceability including
mobile application and verification server is developed to simulate the interaction
between consumers and Australian SRL exporters. Finally, the efficiency of the hybrid
traceability models is tested and evaluated in laboratory environment. The following
sections describe the approaches and methods used in each step:

3.6.1

DEVELOPING HYBRID TRACEABILITY MODELS FOR
THE SRL SUPPLY CHAIN

This step develops product traceability models to suit the identification outcome
obtained from phase one. From the technical perspective, there are two common
architectures in the matching process: identification and verification (also called
- 61 -

Chapter 3 - Methodology
authentication). The first mechanism solely relies on the lobster image to confirm the
provenance and authenticity of a claimed product. While this mechanism allows a
traceability system to become independent from tag and label, it might face the high
risk of false-positive cases when a lobster image sent by the consumer has to be
compared with hundreds or even thousands of photos in the database. Despite the effort
of using a multimodal biometric model developed in phase one to improve the
identification capability for individual lobsters, the outcome could be still limited by
the current feature analysis ability as well as the size of the dataset available for this
research. For this reason, the traceability operation for SRL products based on the
verification mechanism is considered for the demonstration in this phase. In line with
the SRL business operation, there are two types of the hybrid traceability models that
could be developed for the supply chain participants:

(a) Item tagging for product tracking

(b) 1-to-1 verification mechanism
Figure 21 – A hybrid model with individual tags

A hybrid model with individual tags: For the verification mechanism, lobster images
can be combined with product tags to form a 1-to-1 and 1-to-some matching

- 62 -

Chapter 3 - Methodology
mechanisms for better performance. The first approach is suggested for SRL
businesses who have implemented individual tagging program on their product for
management or marketing as shown in Figure 21a (previous page). To deal with the
threat of fraudulent tags, the ID can be verified together with lobster images as
illustrated in Figure 21b. Within this process, customers scan a barcode of the product
and capture lobster image to send along in the same query. The server then relies on
the product ID to navigate the exact candidate for biometric checking.

(a) box tagging for product tracking

(b) 1-to-some verification model
Figure 22 – A hybrid model with box tags

A hybrid model with box tags: For processors who are using box level tracking at
the delivery point as shown in Figure 22a, a semi-verification model enables them to
establish 1-to-some matching mechanism as shown in Figure 22b. By using the box
ID, the system can determine the group of lobster images belonging to the same
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package. Then, the lobster image sent by downstream customers is compared with this
image group for the verification purpose.
In both the hybrid models above, lobster images serve as a second authentication factor
to enhance the security of the conventional tagging method. In turn, the product IDs
(at item or batch levels) are responsible for narrowing the searching space in the
database allowing much lower mistakes to be made by the classification algorithms.
Moreover, tag ID can be validated based on released date plus life cycle of products
(i.e. two weeks after delivery). This ensures invalid lobster images to be removed from
the database for efficient management.
The need of Species Identification: Across these two hybrid models, the verification
at species level (SRL or non-SRL lobster) is proposed to improve its adaptability to
the supply chain environment. In particular, this extra module aims to avoid the risks
when customers purchase authentic SRLs but could lose their trust of the sellers
because the system failed to read the QR code for some reason or experiences a falsenegative problem for individual recognition. (Note: false-negative is the case when the
true candidate exists in the database, but the identification algorithms still reject the
claimed image by mistake).
To develop this function, a supervised classification with two classes (SRL and NonSRL) can be performed through a range of techniques, such as k-Nearest Neighbours
(k-NN), Naïve Bayes, Support Vector Machine (SVM), Decision Trees, Random
Forests and Convolutional Neural Networks (CNNs). Contributing to the classification
accuracy is the nature of input dataset that is generally required to be large and diverse
in samples especially for CNNs (Barbedo 2018). If a CNN-based classifier is used, the
large scale of dataset must be satisfied (i.e. thousands of samples per class) to assist
the deep learning capability on discriminative features.
To produce a proof of concept in this research, a colour histogram-based classification
method is applied. Moreover, the practical observations on the Google search for
various rock lobster species indicate that colour is a promising characteristic to
discriminate them. With the feature outputs of two classes (SRL and non-SRL), an
SVM classifier is chosen for demonstration. The workflow of this approach is
illustrated in Figure 23 (next page).
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Figure 23 - Procedure of species classification with colour histogram and SVM

Along the process shown in Figure 23, raw images are compress and segmented by
Mask-RCNN to extract the carapace regions. Based on this input dataset, colour
histograms are calculated that are fed into SVM (using Linear kernel) for training and
predicting. The details of this test are reported in Chapter 4.

3.6.2

DEVELOPING AND TESTING A PROTOTYPE OF IMAGEBASED BIOMETRIC TRACEABILITY SYSTEM

Based on the proposed hybrid traceability model, a system prototype is developed to
demonstrate the product tracking operation for the SRL supply chain. As discussed in
2.2.3, a centralised traceability model should be the preferred option for the SRL
supply chain where Australian lobster exporters occupy the key industrial role to
respond to any request of product history from overseas customers. The architecture
of this system, therefore, requires two main components including verification server
and mobile application. The communication between the supply chain participants
underpinned by this prototype system is illustrated in Figure 24.

Figure 24 - Product verification process along the SRL supply chain

Verification server: it can be placed at the lobster processor’s premises to provide the
product grading and verification services to consumers. Conceptually, the verification
process can be linked to the database of lobster photos and historical records of
products captured by the automatic grading system developed in 3.5.3. This integration
allows the verification server to access the recent database of products automatically
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for traceability objective. In communicating with user application, the server is
programmed to undertake a range of activities including (1) receive lobster images, (2)
segment the ROI, (3) analyse grading attributes, (4) check tag ID if it presents, (5)
match the claimed image with the database through a multimodal mechanism and (6)
return the result to user. To establish data exchange with the application over the
Internet, an Application Programming Interface (API) is built on both sides.
Mobile application: On the customer side, a mobile application is developed with
image capture and barcode scanning functions to support product queries. This is the
important channel to expand the traceability capability to end consumers of the supply
chain. The application interface is designed in a simple and friendly manner with the
order of product verification steps being organised in line with the functions on the
server. It allows users to take lobster photos or use the available ones in the local
library on the phone, request the grading results, scan barcode (optionally), and verify
the authenticity and provenance of the product.
System communication for the product traceability: Based on the functions
designed for the verification server and mobile application, the communication order
between consumers and Australian SRL exporters for traceability is described below:
•

User firstly captures lobster images and sends to server for grading analysis. In
practical implementation, the image analysis for grading attributes can be
embedded into the mobile application for local processing. However, the
author suggests handling this task on the server, so the core techniques can be
easily modified and upgraded. The outcome of grading analysis including size,
weight and colour groups will be returned and displayed on the user screen.

•

Moving to the verification step, the user is asked to scan QR code of the product
(item or box) and send this ID to server for checking. This step is designed as
an optional function that user can skip. This aims to support the identification
mechanism in the future once the accuracy of the multimodal biometric system
can be improved to a certain level that helps eliminate the role of product tags.

•

When receiving data from users, the server can quickly confirm the product ID
is valid or not based on its database. There are two scenarios:

•

Scenario 1: If the ID is invalid, the server still continues to process the image
(using carapace image output from the prior grading analysis) to verify the
authenticity at species level based on colour feature.
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•

Scenario 2: If the ID is valid, it is used to locate the exact candidate (for item
ID) or group of candidates (for box ID). The images of these candidate(s) are
then matched with the claimed image of the user through the multimodal
mechanism to make decisions on “accept” or “reject” at individual level. If the
“reject” decision is made by the system, a further check on species level is
carried on. If the final decision is “accept” at individual level, its original
information, such as fisher, processor, catching time and locations, will be
provided to customers.

As such, the system prototype developed in this phase plays a significant role in
demonstrating how the biometric factor can be integrated into the current product
traceability practices. It also highlights the ability of the solution in extending the
traceability scale to end consumers of the supply chain. Based on the specification of
the system, further details of developing and testing of the server and mobile
application are reported in 4.3.2. The next section will describe the testing of the hybrid
traceability models proposed in this phase to evaluate the efficiency.

3.6.3

TESTING THE HYBRID TRACEABILITY MODELS

Within the prototype biometric system for SRL traceability developed in this research,
the hybrid models act as the core verification mechanisms. Testing the efficiency of
these models is an essential step to demonstrate how the identification outcomes
obtained in phase one research can contribute to the goal of improving product
traceability for the SRL industry. The results also help evaluate the feasibility of the
low-cost image-based biometric solution where further work can continue to build on
to pursue a tag-less traceability.
For the evaluation objective, the trials in a live supply chain environment would be the
best option because it can reflect closely the pros and cons of the solution in the
practical context. Due to the limited time and resources of the PhD project and
especially the COVID-19 pandemic, the testing activities on these hybrid traceability
models were performed in the laboratory environment. In this setting, the main dataset
of 200 lobsters collected for the research in phase one is reused to simulate the
communication between consumer mobile application and the verification server.
Particularly, the registered database on the verification server contains 200 lobsters
with 3 images per lobster. On the user side, the fourth image of each lobster will be
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used for matching with the database under the mechanisms of 1-to-1 and 1-to-some.
With the focus on the assessment of biometric identification competency within each
traceability model, a number of following constraints are established for the lab
experiments:
•

The cases of invalid tag ID are not considered for the test. This means that the
valid tag IDs at both individual and box levels are assumed to produce the 1to-1 and 1-to-some matching cases for the assessment.

•

While the use of mobile application and verification server is to simulate the
traceability communication between consumers and SRL processor, the
assessment on these hybrid models is performed locally within a computer.

As part of the testing on the hybrid traceability models, the ability of identifying SRL
species is also examined. This extra module plays a significant role for verifying the
genuine SRL products if the traceability system fails to confirm the authenticity and
provenance at the individual level. Therefore, exploring how effective the proposed
technique works will create a vital contribution to the goal of the phase two research.
To support the experiment on this module, photos of the other rock lobster (RL)
species need to be collected in addition to the SRL image set. In the scope of this PhD
research, the non-SRL image dataset is built up from Internet sources. Using the survey
of RL species in 1.2.3, the image-based Google search is undertaken in which only
the photos that cover the capture angle from top down are selected. This allows the
carapace images segmented by both datasets to be compared based on its colour
histogram. With this output, a threshold can be defined to separate SRL and non-SRL
photos. Detail of the testing activity is presented in 4.3.3.4.

3.7

DISCUSSION OF KEY FINDINGS

Across the investigation in two phases, the research methods regarding automatic
grading and identification for individual lobsters and the use of a low-cost image-based
biometrics for the SRL traceability have been established. The next two chapters will
present the experiments results based on these proposed methods. Following this, it is
important to interpret and discuss how the findings can be used to answer the three
RQs established in this PhD thesis. The key contributions of the research are analysed
in relation to the literature review that is summarised from three perspectives:
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computer vision technology, product traceability and the SRL supply chain. The
interpretation and discussion on these aspects of the research are referred in Chapter
5. Following this analysis, Chapter 6 highlights the limitations of the research and
makes recommendations for future work in relation to the research aims stated in 1.4.

3.8

CHAPTER SUMMARY

This chapter has presented the two-phase research strategy and research design to
explore the feasibility of using of low-cost image-based biometrics for improving
traceability in the SRL supply chain. Phase one has investigated a range of image
processing techniques and CNNs to automate lobster grading and identification. The
typical outcomes of this research are the development of a prototype grading system
for use inside the lobster processor and a multimodal biometric identification system
for individual lobsters. By exploring the identification capability, phase two has
developed approaches to demonstrate the potential application of a low-cost imagebased biometric solution for SRL product traceability. The demonstration focused on
two hybrid traceability models where lobster images are utilised to secure product tags
attached on individual lobsters and boxes of lobsters. These models are designed to
minimise the risk of false-positive encountered by the current research in phase one.
It also includes an extra module on SRL species identification to enhance consumer
confidence because it ensured that only genuine SRL products could be verified even
if there were problems with individual verification based on tag ID or lobster image.
Using the main image library collected in phase one, a biometric verification server
and mobile application were developed to simulate the traceability communication
between Australian SRL exporters and consumers. The research also then evaluates
the efficiency of two hybrid traceability models to contribute insights that it is
anticipated will be valuable to the SRL industry's efforts in addressing the food
challenges. The next two chapters will report the implementation details and results of
each phase.
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4.1

INTRODUCTION

Following the approaches described within the Methodology chapter, the results of
experiments on lobster grading, identification and biometric traceability models are
reported in this chapter. The major parts of this research have been selected and
published by the author in three papers (Vo et al. 2018; Vo, Scanlan & Turner 2020;
Vo et al. 2020). This chapter covers two main sections organised in line with the twophase research design presented in 3.4, 3.5 and 3.6. It includes data collection and data
analysis on lobster grading and identification in phase-one, and developing and testing
a prototype of biometric traceability in phase-two. Within each task of lobster grading
and identification, the achievements and challenges are discussed. Finally, the
efficiency of the hybrid traceability models is evaluated to highlight the contribution
values of this research in improving the product traceability for the SRL industry.

4.2

4.2.1
4.2.1.1

RESULT OF PHASE ONE: DEVELOPING AND
TESTING AUTOMATIC GRADING AND
MULTIMODAL IDENTIFICATION SYSTEM
DATA COLLECTION
CAPTURING LOBSTER IMAGES USING LOW-COST CAMERAS

The focus of data collection is to demonstrate how lobster images are captured for both
grading and identification analyses. Based on the approach described in 3.4, a system
of cameras is built to support the main data collection at a lobster processor. Detail of
the preparation can be seen at the Appendix C. This section focuses on the
implementation results.
In particular, the setting of the camera system includes three Pi cameras version 2
(8MP) arranged in a straight line above lobsters as shown in Figure 25 (next page).
The side cameras in this setting create a skew angle of around 20 degrees to the central
one with assumption made based on a realistic customer scenario, where they may not
place their camera right at the central point of the object when taking a photo. Lobsters
are placed on a polyvinyl chloride (PCV) pipe covered by a rubber layer, so the animals
have something to hold on to resulting in them being calmer for taking photographs.
For this reason, the camera distance is set to the pipe surface (not the ground) at 36cm
corresponding to approximately 28 cm to lobster’s carapace. This height allows the
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sensor frame to reasonably fit various sizes of animals. With this setting, the lens of Pi
cameras is manually modified to direct the focus to the animals for best image quality.
The side cameras are connected to the central one through network connection to
transfer images to the same location. As such, the main data collection software is run
on the central device to control all three cameras through General-Purpose
Input/output (GPIO) pins. The lighting system is controlled in a closed room with two
existing roof lights and two extra diffused lamps placed on both sides of the animals
as shown in Figure 25. To reduce light reflection caused by water retained on the
shells, the animals are kept in baskets for a few minutes after being taken from their
tanks. The background is also designed with simple black anti-reflective materials.

Figure 25 - Setting of camera system at lobster processor’s premises

Figure 26 - Data collection software

Throughout the fieldwork, 200 lobsters are photographed and measured for length and
weight. The capture is performed about six to eight times per lobster during which
time the animal is slightly moved up and down, left and right within the frame of
sensors to create different image versions. This aims to create a dataset for training
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and testing in the grading and identification experiments. As a result, around 20 images
per lobster are captured that produce 4000 images over eight working days. The raw
image resolution is set at 1944x2592 which contains a high detail level for both grading
and identification purposes. The management software is written in Python allowing
users to manually input initial animal ID, weight, length, colour and sex as shown in
Figure 26 (previous page).

4.2.1.2

RESULT DISCUSSION

Visually, the quality of images captured by low-cost cameras contains good level detail
for grading and identification purpose as shown in Figure 27. The original resolution
(1944x2592) was then reduced to 600x800 for faster processing with deep learning.
Although some details might be lost at this resolution, it is an essential step to boost
the performance of CNN-based techniques. With 4000 images collected over 200
lobsters in this field work, it is sufficient to build a proof of concept in this research.
In addition to lobster photos, size and weight metrics of 100 lobsters were also
collected to validate the grading techniques.

Figure 27 - Level of details of carapace regions capture by Pi Camera V.2

During the operation of data capture, a number of challenges have been recorded for
future improvement as summarised below:
•

Handling live lobsters and placing them in a straight position under the cameras
is a time-consuming process. The animas tend to react or move at the first few
second of interaction and only stay calm after that. This problem is anticipated
to slow down the business workflow if image capture becomes a part of their
procedure. Therefore, further work is required for conveyor belt design that
can consistently hold the animals in a desired position with minimum reaction.
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•

Water retained on the lobster’s body after being moved from the water has
caused a problem of light reflection. This issue often happens for the first few
lobsters that are being photographed. Keeping lobsters outside the water for a
short period before taking photos needs more trials to ensure it does not cause
high stress for the animals that results in low survival rate.

•

The practical work shows that taking photos one by one and in still condition
is relatively slow. To integrate this task into a particular stage of the current
business process, more research is required from both technology and business
perspectives to make the solution more practical.

Following the data collection, the next section will present the result of ROI
segmentation for lobster grading and identification.

4.2.2

EXTRACTING REGIONS OF INTEREST (ROIS)

Extracting ROI from lobster images (i.e. the carapace regions) is important to provide
input data for the grading and identification analyses. The experiments using
traditional image processing to cut various ROIs from the lobster’s body for grading
analysis on carapace size, weight, colour, legs and sex are detailed in the Appendix
B. This section focuses on the use of Mask-RCNN as a powerful alternative solution
in extracting the carapace images.

4.2.2.1

TRAINING MASK-RCNN

To overcome the challenges of conventional image processing in ROI segmentation,
Mask R-CNN was adopted to offer an automatic and precise method. To train this
model on lobster image dataset, 50 lobsters are selected for the training set and another
30 are used for validation. Each lobster is linked to its 3 images captured by the middle
and side cameras. The training set (150 images) and validating set (90 images) are
compressed, cropped and annotated for the carapace areas. The annotation step
assisted by the VGG Image Annotator tool requires high precision to ensure the
extreme points of the ROI to have the best match with the two endpoints of the
carapace. With this attempt, the error rate of size calculation is expected to be
minimum.
The annotated dataset is then passed through the pre-trained Mask RCNN model based
on the research of He et al. (2017). This process is monitored through the overall loss
which includes five types of loss inside: mrcnn_bbox_loss, mrcnn_class_loss,
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mrcnn_mask_loss, rpn_bbox_loss, rpn_class_loss. For this research goal, the attention
is placed at the mrcnn_mask_loss as this value indicates how well the model can
produce a binary mask of the ROI. Figure 28 presents the result of this loss category
after 50 epochs. In these two diagrams, the descending trend demonstrates a positive
learning outcome with very low loss value (under 0.04 for training and under 0.06 for
validating) without overfitting.

Figure 28 - Training and validating mrcnn_mask_loss in 50 epochs

Middle Camera

Left Camera

Right Camera

Middle Camera

Left Camera

Right Camera

Figure 29 - Carapace segmentation results from images captured by three cameras

4.2.2.2

EXTRACTING ROIS

As such, the newly trained model yielded from the training process is applied to all
lobster photos to extract the carapace regions. Based on the binary masks returned
from the model, these ROIs can be precisely cut from the images and placed in
300x300 frames as depicted in Figure 29. This output dataset is then used for both the
grading and identification analyses.

4.2.3
4.2.3.1

ANALYSIS OF LOBSTER GRADING
MEASURING CARAPACE SIZE

Measuring this value is firstly performed in pixels using object contour and then
converted to mm based on camera parameters and distance. To evaluate the outcomes,
the research not only looks at the deviation between calculated size and the actual data
but also examines which potential factors affect the result. For this objective, each
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lobster is tested with 4 images picked from the two side cameras (1 image/camera) and
the middle camera (2 images/camera). The score computed from each instance is
compared with the actual size to ascertain the level of inaccuracy. These deviations
are transformed to percentages and illustrated in the line chart shown in Figure 30 as
rates of error.

Figure 30 - Percent error between calculated sizes and actual sizes

Figure 30 indicates that the results from the middle camera (Middle_1, Middle_2)
achieved higher accuracy than the two side cameras (Side_1, Side_2). This suggests
the ideal position of the camera for size measurement is directly above the lobster with
the minimum skew angle. Examining the error rates (in percent) yielded from the
middle camera, the distribution of these data points is illustrated using a boxplot in
Figure 31 (next page). In this chart, the median is -1.43% while the upper and lower
whiskers are 5.28% and -7.53% respectively. The distribution shown in Figure 31 is
considered a positive result for the image-based measurement of SRL. These error
rates are acceptable for grading practices in the supply chain. More importantly, this
outcome establishes a valuable criterion for the filtering process in the recognition
phase.
However, to improve the method, any data points falling outside the range (-5% and
5%) are investigated. This step aims to explore what other factors cause abnormal
values besides the small error rate produced by Mask-RCNN. Visual observation on
lobster photos belonging to these cases has exposed two main factors that contribute
to the deviation as shown in Figure 32 (next page). The first instance is about lobster
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Figure 33 - The correlation between actual weights and estimated weights

4.2.3.2

ESTIMATING LOBSTER WEIGHT

The work in this section focuses on two main goals including the validation of the
established length-weight relationship and the evaluation of calculated weights in
comparison to the actual data. Estimating lobster weight creates a meaningful
contribution to the grading operation along the supply chain as this attribute directly
defines market prices. Fortunately, this metric for the SRL species is able to be inferred
from size according to the research of McGarvey, Ferguson and Prescott (1999). With
the data of 100 lobsters collected at a processor, the aim is to examine how effective
the formula works in reality. Thus, the actual weights and estimated weights that are
converted from both the actual sizes and measured sizes are sketched in a line chart to
observe the trends. Figure 33 above reveals a strong correlation between these three
scores. Visually, the Estimated Weight_1 (referring to actual size) and Estimated
Weight_2 (referring to measured size) have a close fluctuation to the actual weight
across the dataset. This positive preliminary evidence, therefore, reaffirms the
applicability of the proposed formula.
Examining the distribution of error rates of the weight calculations in Table 5 (next
page), the majority of the data points of Estimated Weight_1 fall between -31g and
145g while the median value stays at 54g. Although this result is acceptable for weight
ranking objective, some cases with the error rates over 100g need to be investigated
further for the improvement. The factors influencing this outcome could be the degree
of retained water on the lobster body and missing legs or horns.
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Table 5 - Distribution of error rates of weight estimation
Distribution of Data

Error rates between the Actual

Error rates between the Actual

Weights and the Estimated Weight

Weights

1 (converted from the actual sizes)

Weight_2 (converted from the

and

the

Estimated

calculated sizes)
Upper Whisker

145

147

3 Quartile

73

50.5

Median

54

-5

1st Quartile

24.5

-49.5

Lower Whisker

-31

-163

rd

For the error rates between the Estimated Weight_2 and the Actual Weight, the
distribution expands on a wider scale with the trend moving to a negative value. For
this reason, the median is pulled back close to zero. Obviously, the result is
considerably influenced by two error rates derived from both size measurement and
the length-weight formula. Therefore, the parallel improvements in these two areas
needs to be considered for future work.

4.2.3.3

CATEGORISING LOBSTER COLOURS

To demonstrate the classification method on colour groups, 30 lobsters are selected
from the dataset that represent dark red and pale red. Their carapace images extracted
from the Mask RCNN model are used to calculate the average HSV colour. Then, only
the pair of Hue and Saturation values are taken into account for colour group
classification. In particular, it is compared with the base colour (black: [0, 0]) to work
out the Euclidean distance. Table 6 (next page) shows the output of this
implementation on the sample dataset.
With the list of Euclidean distances received in Table 6, a threshold between two
colour groups could be identified visually. In this experiment, 90 could be an
appropriate candidate. Although it is not an absolute threshold that completely splits
the distribution of two datasets, this approach offers a feasible classification method
for lobster colours. In fact, the threshold will be adjusted by the sellers depending on
catching seasons of the year and current market demands.
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Table 6 - Euclidean distances of dark red and pale red compared with the base colour
Dark Red
Lobsters

4.2.3.4

Average
HSV

Euclidean
Distances

[10 107 162]

Pale Red
Lobsters

Average
HSV

Euclidean
Distances

107.47

[14 79 171]

80.23

[5 97 140]

97.13

[11 92 174]

92.66

[8 99 118]

99.32

[8 85 216]

85.38

[8 115 153]

115.28

[6 36 197]

36.50

[8 89 146]

89.36

[12 50 167]

51.42

[7 110 125]

110.22

[12 76 171]

76.94

[8 94 138]

94.34

[11 48 181]

49.24

[7 100 110]

100.24

[5 43 172]

43.29

[7 110 107]

110.22

[8 38 196]

38.83

[9 106 139]

106.38

[8 59 173]

59.54

[8 96 136]

96.33

[11 79 180]

79.76

[9 115 120]

115.35

[14 64 200]

65.51

[7 103 109]

103.24

[9 39 198]

40.02

[8 95 134]

95.34

[9 36 185]

37.11

[9 89 137]

89.45

[11 63 182]

63.95

RESULT DISCUSSION

The results of grading research have shown the great feasibility of using lobster images
for measuring various grading attributes. Its significance can be seen from both
technical and application aspects. In the first perspective, the impressive results
achieved in the case study of lobster images have consolidated the vital role of CNN
models in the modern computer vision sector. Mask-RCNN, a well-known model for
object detection, has shown its powerful learning capacity in precisely extracting the
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carapace areas. More importantly, it offers an automatic and consistent mechanism for
ROI segmentation with the minimum impact caused by the surrounding contexts
including image background, lobster colours and poses. In the experiments with SRL
photos, these features clearly outperform the manual analysis method using
conventional image process techniques. The second aspect refers to the advantages
created for both the product classification and identification along the supply chain.
While the core Mask-RCNN enables the grading operation to work flexibly in different
circumstances, this approach also helps produce the precise output ROIs from the
lobster body for the follow-up recognition process.
In addition to the improvement of object extraction, the research also captured the
actual data of carapace lengths and lobster weights for assessment purpose. This
attempt not only highlighted the accuracy of size measurement and the established
length-weight formula but also investigated the factors producing abnormal error rate.
For carapace size, 90% of the calculation that have the deviations within the range of
+/-5% show a very positive result of the solution. Looking at weight estimation, 85%
of the calculation with a range of +/- 10% error can be seen as convincing evidence
for the applicability of the available length-weight equation. Although further work
could improve the overall performance, the analysis of the abnormal cases will
contribute to the guidelines for future system design and user deployment.
In regard to colour classification, the research has proposed an effective approach in
quantifying visual colours to categorizable values. In particular, it calculates Euclidean
distances between the average HSV colours of lobster carapaces and a base colour
(black in this research) that helps to identify a possible threshold between the pale red
and dark red groups. Visually, lobster colour is reflected through multiple parts of its
body, such as tail, carapace, legs and abdomen. Discussions with staff at some
processors indicate that the lobster’s carapace can be used as the regular representative
areas for product categorisation. In addition to this, a standardized lighting system is
an important factor to maintain consistent measurement results across the supply
chain. To minimise the impact of this factor, average RGB extracted from carapace
images is converted to HSV in which the Value channel is eliminated during the
classification process. This attempt is to avoid the impact of the brightness degree to
the colour measurement. Although the results of this research show the feasibility of
method in satisfying the industry demand, controlled lighting should be the constraint
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for system design when implemented across the supply chain to maintain the
consistent grading results and to enable the accurate recognition capability in the
follow-up phase. Overall, the advantage of computer vision in measuring and
evaluating the colour of food products has been proven to outperform the traditional
colourimeter approach, especially for non-uniformly coloured structures (Tomasevic,
Tomovic, Ikonic, et al. 2019; Tomasevic, Tomovic, Milovanovic, et al. 2019).
Therefore, the colour classification approach for lobster products used in this research
is expected to precisely reflect the industry practice and produce a consistent grading
result across the supply chain.
Critically, this work is an integral part of the broader investigation to low-cost
biometric recognition for SRL traceability. The size attribute that can be measured
along the product journey (seller’s facility and consumer’s mobile phone) will act as a
vital filtering criterion for the identification objective on individual SRLs. Following
this, the next section presents the development of a grading system.

4.2.4

DEVELOPING PROTOTYPE OF AUTOMATIC GRADING
SYSTEM

The intention of developing a grading system is to enhance the data collection activity
for traceability and simultaneously aid productivity. In the scope of this research, a
prototype grading system is built in the lab to demonstrate the operation of hardware
and software. The result of this work establishes a significant foundation for further
work to deploy it to the practical environment at the lobster processors’ facility once
the system is more matured.

4.2.4.1

LAB EXPERIMENT

Based on the design proposed in 3.5.3, a prototype of this system is constructed using
a Raspberry Pi camera, webcam, conveyor belt and relay as shown in Figure 34 (next
page). Lobster shells are used to simulate the operation of this system. Within this
prototype, the webcam is responsible to detect the lobster and send a signal to a relay
to pause the conveyor belt so the Pi camera can capture the object in still condition to
obtain a blur-free image. The raw image is then compressed and analysed by image
processing to measure size, weight, colour group, number of legs and sex. While the
last two attributes require a larger dataset for validation, this research currently focuses
on size, weight (converted from size) and colour groups as these are the key factors
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affecting market prices (of products). Additionally, size is an important metric to
facilitate the later recognition process. In many trials, the straight position of the fish
on the belt is a critical factor to calculate this attribute precisely.

Figure 34 - Building a prototype of grading system in lab

Figure 35 - A snapshot of grading software

With the aim of improving data collection, the software is developed with an input
function for users to enter the original information of each fish and its initial product
ID. For each round, a fish is scanned and analysed, a profile is created and saved into
a csv file whereas the result is also displayed on the screen as shown in Figure 35
(previous page). In this lab experiment, the software runs on the Raspberry Pi board
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resulting in slow processing time. However, for practical implementation, the image
processing tasks should be handled by a server and communicate with the cameras
through APIs. This allows the grading system to be expanded in large scale where a
series of image capture and processing tasks can be executed at the same time. The
next section will discuss the outcome of this experiment.

4.2.4.2

RESULT DISCUSSION

The experiment of a lobster grading system in the lab has produced an important proof
of concept for both image processing tasks and the operation of hardware system.
Under the support of this system, the profile of each fish can be digitalised that is
crucial for automatic traceability. The simulation is significant for further ideas to
build on to improve the overall performance and to make it more applicable in practice.
During the experiment, there are a number of challenges emerging from both operating
and technical aspects:
The position of lobster: Lobsters placed on the belt need to be straight for size
measurement and this is anticipated as considerable obstacle when handling live
lobsters in reality. Solving this problem demands further research on both software
and hardware design. Detecting a skewed object in image and rotating it back to a
straight position can be done by image processing. However, the object size in the
fixed image frame will be changed compared with the original one and this proportion
needs more research to calculate to fit various skew levels of the object. At the same
time, some suggestions on using boxes or belts designed with inverted triangles to hold
the animals in the desired position also need more investigation on practice.
Photo capturing condition: Taking photos in still condition enables good image
quality but poses a concern of slow processing for business. The average time for one
capture round is at least 8 seconds including the analysis time and time period between
the starting and stopping of the conveyor belt. Even though the image processing task
can be brought to a powerful server for faster processing, the image and data
transferring between camera board and the server could also consume a few seconds.
While capturing non-blur photos in a moving condition needs further research, one
suggestion for this problem could be the design with multiple parallel conveyor belts
to capture photos of a group of fish at the same time.
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Business flow: How to integrate the grading system into the existing business
procedure inside lobster processor facilities to address both productivity and
traceability objectives is a critical question for further investigation. Practical
observations show that after receiving lobsters from fishers, they are classified and
moved to the main storage for later delivery. If the system is placed at this stage for
better productivity, product ID and box ID are not yet defined to link to lobster images.
If this system is embedded into the packing stage to establish the link between images
and product or box ID, the productivity objective could not benefit from an automatic
grading solution. Therefore, this question requires more investigation into the business
operation of processors to achieve the best integration.
Following the experiment of lobster grading system, the next section will report the
work of lobster identification that produces the key contribution for a broader
investigation into a low-cost biometric verification system for the SRL supply chain.

4.2.5

ANALYSIS OF LOBSTER IDENTIFICATION

Experiments of lobster identification using both image processing and CNNs provide
important evidence for the biometric research in phase one. In response to this goal,
extracting ROI from the lobster’s body for identification analysis is the first important
step. As discussed in 2.3.2, the focus is placed at the carapace areas. This region carries
natural colours and spiny patterns that are believed to be unique among individuals.
Therefore, this ROI has been extracted precisely from lobster images by Mask RCNN
as described 4.2.2. Based on this output, the experiments are performed under the
support of colour histogram, texture histogram and Siamese network. The application
of these techniques and testing results are reported in the following sections based on
the dataset of 200 lobsters.

4.2.5.1

COLOUR HISTOGRAM

In the first approach, a colour histogram that represents the distribution of colours in
an image will be measured on the carapace region and they are compared to each other
by pairs to work out the similarity score. In this research, HSV is utilised to plot a
histogram as this colour space matches human vision. This selection allows the author
to pick only the Hue and Saturation channels that describe the pure colour and colour
intensity for measurement purposes. The Value channel is eliminated from the
comparison to avoid the impact of the brightness degree due to light condition. Two
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histograms of Hue and Saturation are flattened into a single feature vector for the
comparison process. After multiple trials, the author decided to use 180 bins for the
Hue channel and 2 bins for the Saturation channel for the histogram plot associated
with Chi-square distance to produce the best result.

Figure 36 - Organising lobster images dataset for identification testing

To explore how effective this technique works, a testing plan is simulated based on a
typical identification system. In particular, it reflects the process in which a series of
positive and negative images are sequentially matched against a database to observe
the decisions made by the system. Based on this approach, the dataset of 200 lobsters
with 6 images selected for each object is organised into two testing groups as depicted
in Figure 36. In this setting, each testing case contains 100 lobsters with 3 images per
lobster enrolled in the database. Thus, the remaining 3 images per lobster of the same
subset are used to support positive checking. On the other hand, the 3 images per
lobster of the other subset are utilised for negative checking.
Across two testing cases, the similarity scores extracted from matching operations are
categorised into three scenarios for initial analysis. The first two scenarios reflect the
similarity scores between two photos taken from the same lobsters. However, to
understand how the captured angles affect the similarity scores for the same object,
the first scenario includes distances calculated from 600 pairs of photos with the small
skew angles, while the second one contains distance values extracted from 1800 crossmatching instances among photos captured by left, right and middle cameras (larger
skew angle). Finally, the last scenario covers 358,200 distance values produced by
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ceiling value of 2 is used to discover the best threshold. The reason for using this
strategy is the trade-off in defining the value of threshold. The larger threshold tends
to create the wider space for true lobster images to be matched with the database but
simultaneously producing the higher error rate for negative matching cases (lobsters
that do not exist in the database are still accepted). As a result, the threshold at 0.7 is
considered as suitable choice with the outputs presented in Table 7.
Table 7 - Summary of the identification results produced by colour histogram
Total testing cases: 600

Actual cases

Applied threshold: 0.7

Positive

Negative

Predicted cases

Accept

519

540

Reject

81

60

Images

Lobsters

Average outputs

Positive case

24

16

per case

Negative case

18

12

Looking at this result, the trial at 0.7 produces up to 87% of true-positive but only
around 10% of true-negative. This means up to 90% of false-positive cases that
signifies an unexpected situation in which the system tends to return a group of similar
images even if the true one does not exist in the database. At the same time, there is a
situation in which the true one exists in the database, but the group of lobsters returned
by the system does not contain this candidate while matching with the claimed object.
In such a situation, it is classified as false-negative case rather than a correct match
and there are up to 69 of 81 false-negative instances reflecting this issue.
As such, a false-positive rate has become a major issue in this experiment. To obtain
a deeper understanding of this “risk”, a value named “average output” is calculated
over two testing groups as shown in Table 7. This attribute indicates a group of similar
images returned by the colour histogram based matching process for each case. In the
experiment at the threshold of 0.7, the average number of output images for positive
and negative testing groups are 24 and 18 respectively. By converting object counting,
the number of lobsters returned by the technique are 16 and 12.
In conclusion, the chosen threshold helps to create a “safe zone” for 87% of true
lobsters to be matched but simultaneously producing a sizable error rate for falsepositive cases (90%). This means that the colour histogram could not qualify to be
used as an independent biometric factor for individual recognition.
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However, the positive sign of this research indicates that a colour histogram can
narrow down the search database from 100 registered objects to a group of around 1216 similar candidates. This is a valuable outcome that can be used in a combination
with other biometric indicators to enhance the accuracy level. The next section will
explore how texture analysis can be used for the identification goal.

4.2.5.2

TEXTURE HISTOGRAM

Texture analysis is an important method used in this research to exploit the advantage
of the discriminative spiny patterns on lobster shells for recognition. In approaching
this field, Local Binary Pattern (LBP) is adopted for the investigation as this technique
focuses on local representation of texture. Therefore, it is suitable for the case of SRL
with the assumption that the local spiny texture could be different between any two
lobsters. To construct the LBP texture descriptor, the extended version of the original
LBP proposed by Ojala, Pietikainen and Maenpaa (2002) is adopted to handle variable
neighbourhood sizes. In their study, there are two vital parameters deciding the output
of texture. The first one is the number of points (p) in a circularly symmetric neighbour
set and the second one is the radius of the circle (r) which allows different scales to be
applied. At a certain value of p and r, the LBP arrays extracted from carapace images
are computed for histograms that are then compared to each other by pairs to work out
the similarity scores. Across multiple experiments on two parameters of p and r, the
best outcome is achieved at 8 and 5 respectively.
With the same testing procedure applied in the Colour Histogram section, a boxplot
and statistical values presented in Figure 38 illustrates three main scenarios including:
(1) 600 pairs of photos from the same lobsters with small skew angles, (2) 1800 crossmatching instances among photos of the same lobsters captured by left, right and
middle cameras (larger skew angle), and (3) 358,200 pairs produced by matching two
images of different lobsters from any capturing angle.
Looking at these data distributions, a dramatic impact caused by capture angles to
texture-based classification can be recognised. For the same lobsters, distances
between two images with small skew angles tend to be closer than the images captured
by different cameras (larger skew angles). This gives out a vital recommendation for
users in adjusting their camera to the central point of the object. In the ideal condition
of the first scenario, a number of thresholds between the upper whisker (0.032) and
Q3 (0.0232) are interesting to examine how effective it can classify between the same
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objects across all cases as shown in Table 8. Compared with the colour approach,
texture analysis provides a slightly better recognition ability. The preliminary result
obtained at this stage of the research notices that texture analysis does not yet act as
an independent biometric identifier due to the large false-positive rate.
Table 8 - Summary of the identification results produced by LBP
Total testing cases: 600

Actual cases

Applied threshold: 0.025

Positive

Negative

Predicted cases

Accept

542

480

Reject

58

120

Images

Lobsters

Average outputs

Positive

14

12

per case

Negative

12

11

Nevertheless, texture analysis is expected to create a valuable contribution to the
recognition objective. It can be used in association with other biometric factors to
establish multiple selection criteria for decision making. Before investigating how an
integrated solution can work, another identification technique using deep learning is
explored in the next section.

4.2.5.3

CNN-BASED SIAMESE NETWORK

Following the investigation of the conventional image processing techniques, CNNs
are taken into account to explore the effectiveness of deep learning capability in
recognising individual SRLs. While the analysis of colour histogram and texture
provides a visible feature extraction process, CNNs build a “black box” mechanism
for this function. Therefore, the optimisation of classification results is conducted
through fine-tuning the process on a range of hyper-parameters of a CNN model.
Within the applications of CNNs, a Siamese network is adopted to work on the lobster
dataset. The justification and operation of this technique is presented in 3.5.4.3. As
such, training this network and evaluating the identification results are the focus of this
section. In the carapace image set of 200 lobsters, 150 of them are put in the training
set and another 40 are used for validation. The number of images per lobster selected
for the training set is 9, that are then applied with augmentation to produce up to 90
per lobster (see the Appendix F for more detail on data augmentation applied in this
experiment). This attempt aims to increase the generalisation ability of the CNN
model. For the validating set, 6 images per lobster were used to demonstrate the

- 91 -

Chapter 4 - Implementation Results
code is presented in the Appendix D. This design is inspired by the VGG16 model
with some modifications. As such, these two CNN branches are identical when
processing pairs of input images. Each block contains 3x3 convolutional layers stacked
on top of each other and followed by batch normalization, max pooling (3,3 for the
first block and 2,2 for the remain blocks) and dropout (25%). After many trials, adding
dropout in this model compared with the original VGG16 version has significantly
helped reduce an overfitting problem due to the limited dataset. On the top of each
base CNN, a full-connected layer will output a 2048-dimensional vector as feature
representation for each input carapace image. Throughout a training round, L1 distance
between two feature vectors is measured and normalised within the range (0,1) that
represents the similarity between two input carapace images. Based on the ground truth
labels, a contrastive loss function (with default margin set to 1) works out the error
rate and accuracy for the predictions. Figure 40 (previous page) presents the training
progress over 30 epochs with 1000 iterations per epoch and 400 iterations per epoch
for training and validating respectively.
Looking at the line charts in Figure 40, the loss values of both training and validating
activities steadily decrease until epoch 14 which signifies an effective learning
performance. The accuracy values thereby reflect this trend with the increase up to
89% and 92% for validating and training respectively at that epoch. After this point,
the model becomes overfitting as the training values keep moving compared with the
validating values. As such, the trained weight set obtained at epoch 14 is taken for the
testing purpose.
To understand how significant the generalised network can contribute to lobster
tracking, it is important to interpret the loss and accuracy values in the actual
identification outcomes. With the same testing procedure applied in colour histogram
and texture analysis, the similarity scores are worked out for three main scenarios: (1)
600 pairs of photos from the same lobsters with the small skew angles, (2) 1800 crossmatching instances among photos of the same lobsters captured by left, right and
middle cameras (larger skew angle), and (3) 358,200 pairs produced by matching two
images of different lobsters from any capturing angle. The data distribution of these
datasets is illustrated through a boxplot as shown in Figure 41.
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group of similar images returned by the Siamese network for each matching case. In
the experiment at the threshold of 0.3, the average output across all the cases is 16-19
images corresponding to 8-10 lobsters. From this viewpoint, the Siamese network
achieves better accuracy than the image processing approaches. However, it still could
not meet the expectation of reliability level to serve as an independent identifier. The
following section will discuss the overall results obtained by the three techniques
examined in this research and introduces the next step to enhance the identification
competency.
Table 9 - Summary of the identification results produced by Siamese network
Total testing cases: 600

4.2.5.4

Actual cases

Applied threshold: 0.3

Positive

Negative

Predicted cases

Accept

450

522

Reject

150

78

Images

Lobsters

Average outputs

Positive

19

10

per case

Negative

16

8

RESULT DISCUSSION

The experiments with image processing and CNN have demonstrated important proof
of concept for biometric recognition to individual SRLs. The preliminary results
highlight a great potential to identify individuals based on natural colours and spiny
patterns on lobster carapaces. In particular, the ability to filter from one hundred of
objects to a group of 10 to 15 best candidates has established a significant start for
further work to improve the accuracy. The research result also indicates that colour
histogram and Siamese techniques are invariant to the skew capture angles while size
measurement and texture analysis are susceptible with this factor. Therefore, it is
recommended that users should place their camera at the central point above the
objects for the best outcome.
Looking at the challenges of this research, the large false-positive rate occurring across
three techniques is likely to be the biggest issue for an identification system.
Approximately 90% of cases, in which the verified objects not existing in the database
are still accepted by the system, are considered unpractical for applications in reality.
This problem can be easily explained when a group of lobsters with closely equivalent
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characteristics could not be distinguished by the matching algorithms. Although the
nature of distance-based identification methods strongly relies on thresholds to decide
the accuracy and error rates, the selection of these values in the experiments has shown
an attempt to produce a wider space for true lobsters to be matched and accept a large
number of false-positive instances. However, it is anticipated that this problem will
become worse if the database contains up to thousands of lobster images.
Another problem detected across the three experiments above reflects a serious
situation in which the similarity scores between two images of the same lobsters are
greater than the values of different lobsters. In many cases, the scores of image pairs
of the same objects stay beyond the applied thresholds leading the true ones falling out
of the group of candidates to be returned by the matching process. The output results
specify 69 of 600 cases for colour histogram, 37 of 600 cases for texture analysis, and
135 of 600 cases for Siamese network. Importantly, the implication of this scenario
underlines the great susceptibility of recognition results to imaging conditions, such as
angle, lighting condition and sensor specifications.
Contributing to this perspective is the unexpected position of the true candidate in the
false-positive cases. In theory, the distance between two images of the same object
should be smallest compared with other pairs coming from different objects. Thereby,
it should stay on the top of the returned list, so the system just picks the first one and
confirms it as the best candidate. However, the observation into these output groups
reveals that the true one is not always in the top position. This causes an unstable
situation in which the system correctly accepts the claimed lobster but could confirm
wrong candidate from the returned list.
With the analysis above, it is admitted that the recognition capability achieved at this
stage of the research is not reliable enough to enable colour histogram, texture analysis
and Siamese network to act as independent identifier. For this reason, the research
needs to examine whether a multimodal biometric model that combines lobster size
and these biometric factors can improve the overall recognition performance.

4.2.6
4.2.6.1

A MULTIMODAL BIOMETRIC SYSTEM FOR LOBSTER
IDENTIFICATION
TESTING THE SYSTEM
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Developing a multimodal biometric system in this research is an essential step to
overcome the limitation of individual biometric components. In this investigation, it
focuses on selecting an appropriate voting scheme to make decisions as described in
3.5.5. In particular, the fusion mechanism ensures the roles colour histogram, texture
and Siamese scores should be treated fairly for recognition purposes with no factor
weighted over the remain ones. Another reason for this approach is the variant format
of similarity scores produced by each technique. Because these scores fall into
different value ranges (0-1404 for colour histogram, 0.01-0.17 for LBP, and 0-1 for
Siamese), it is not feasible to combine these metrics into a single value and define a
threshold on top of that for decision making. By using the outcome of each
identification technique based on its own threshold, the voting scheme can be designed
into two settings for comparison purpose: (1) two in three votes or (2) all the votes are
required to make an “accept” decision.
With the matching procedure proposed in Figure 42 (next page), the system firstly
circles a group of lobsters from the database that have similar size with the claimed
object. In particular, the applied tolerance range for this filtering task is +/- 6% based
on the result of the grading work. Although the larger range providers a “safer zone”
to cover true lobsters, it is less effective in narrowing the search database. The output
of this process continues to go through a parallel checking with colour histogram,
texture and Siamese layers to generate the similarity scores. With the threshold applied
in each score (0.7 for colour histogram, 0.025 for LBP and 0.3 for Siamese), the results
of “accept” or “reject” are combined to determine the final result based on a certain
voting rate. As such, while an individual biometric checker has produced a high falsepositive rate, this combination is expected to mitigate this problem.
In the experiment on this system, only image captured by the middle camera is utilised
for testing purpose because it provides the best results for size measurement and
texture-based identification analysis. With this setting, two testing groups are created
with 200 cases for positive checking (1 image/testing lobster) and 400 cases for
negative checking (2 images/testing lobster). For the positive test, if the returned
results do not contain the true candidates, it is classified as false-negative cases. Table
10 presents the outcomes of the experiments in the two voting scenarios.
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Figure 42 - The process of multimodal biometric model for SRL

Looking at these results, the second voting scheme (3/3) has increased the falsenegative rate to 35.5% compared with 11.25% of the first scheme (2/3) and the range
of 10%-20% of the unimodal approaches. However, the result shows that the truepositive rate is decreased to 64% respectively. Objectively, the rule of 3/3 is considered
more reliable than the rule of 2/3 when a claimed lobster is only accepted if it satisfies
criteria of colour, texture and CNN.
Table 10 - Identification result of the multimodal biometric model
Decision rate of accept: 2/3

Predicted cases

Actual cases
Positive

Negative

Accept

182/200

355/400

Reject

18/200

45/400

Accept

128/200

258/400

Reject

72/200

142/400

Decision rate of accept: 3/3
Predicted cases

Inside this matching process, carapace size has proved to be an effective filter. It helps
reduce the average number of output lobsters from 100 to 60 for size comparison. From
here, the system continues to filter down to 9 objects for colour histogram, 12 objects
for texture analysis and 5 objects for Siamese network. As such, the CNN-based
identification technique works much better than the image processing technique in this
experiment. A group of 5 similar candidates returned by the recognition system is
considered as a positive improvement offered by the multimodal system. It is
anticipated that when more grading attributes can be applied, such as marks on the
shell, horns, legs and tail, the accuracy would be dramatically improved. The next
section will discuss the result of the propose biometric system and its potential
contribution value of the research to the product traceability in the SRL supply chain.
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4.2.6.2

RESULT DISCUSSION

The multimodal biometric system has considerably pushed the accuracy of lobster
recognition to a higher level compared with individual identifiers. With the limited
dataset used in this research, 64% of true-positive cases associated with average
returned number of 5 candidates are evaluated as a significant step to create valuable
lobster images for identification purpose. The multimodal design guarantees that a
claim is only rejected if one of the criteria is not satisfied. It avoids the common
mistakes of wrong acceptance caused by a single technique that decides the final
recognition outcome. However, there are two major challenges that still remain in this
model. The first one is the false-positive rate in the negative test with 64.5% that still
remains higher than the expectation of a reliable identification system. This means that
there are many cases in which a claimed lobster is found to be very similar to a number
of others from three perspectives of colour histogram, textures and deep learning
result. The second issue reflects the imperfect position of the true candidate in the
returned list of the matching process. Ideally, it should stay on the top of the list with
the lowest distance value. The observation on the Siamese outputs indicates that only
35 in 153 true-positive cases where the true candidates have the lowest distance with
the claimed images. Due to this uncertainty, determining the true candidates could not
be accomplished at this stage of the research.
The reality of these challenges requires further research to improve the overall
recognition performance. A number of suggestions from lobster experts for the future
trials could focus on the extended experiments with various ROIs (such as horns and
tail) and particular regions on the carapace rather than the whole. It also important to
consider higher resolution of input images, collect larger dataset (including images per
object and a number of objects), and improve the classification techniques especially
the CNN approach. At this phase of the research, lobster images have not yet satisfied
the desired reliability to become as an independent identification means for each
lobster product. However, the methods and preliminary results have demonstrated an
important proof of concept for SRL biometric recognition. It establishes an essential
start for further investigation to build on from the current limitations to pursue the goal
of a tag-less identification solution for the premium SRL products.
In the current context, the research continues to investigate the third RQ: how the
biometric recognition outcomes can be utilised to improve the traceability
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performance in the SRL supply chain. In response to this question, the role of tag/label
identity number (ID) at individual or batch levels is still considered to establish a
hybrid traceability approach. Under the support of tag ID, the claimed images will be
matched with 1 or some candidates rather than hundreds or thousands of objects in the
database. In this way, the problem of false-positive rate is expected to be minimised
to an acceptable point for the industry stakeholders. In turn, lobster images become a
reliable authentication factor to enhance the security of conventional tagging methods.

4.2.7

RESULT SUMMARY OF PHASE ONE

Throughout the implementation of phase one, a range of experiments on lobster
grading and identification have been demonstrated. It firstly highlighted the feasibility
of using low-cost cameras to capture lobster images that contains good level detail for
grading and identification. In the image analysis step, the research has proven the
strength of Mask-RCNN over traditional image processing techniques in extracting
ROIs precisely from lobster photos. Based on this output, the grading analysis has
yielded positive results on carapace size, weight and colour group. This outcome
together with the grading system prototype developed in this phase has highlighted an
opportunity of automating the grading activities along the SRL supply chain.
In the investigation of lobster identification, the experiments on both image processing
and CNN have illustrated a great potential to identify individuals based on colour
histogram, texture and deep learning results. Importantly, the research has developed
a multimodal biometric system with the aim of pushing the accuracy of lobster
recognition to a higher level in comparison with individual identifiers. The preliminary
result of this system has shown an improvement of the matching process with the
average of 5 candidates returned from the testing cases. However, the challenge of the
false-positive rate in lobster identification remained high with 64.5% within this
model. Therefore, phase two of the research needs to consider the approaches of how
the current biometric research outcomes could contribute to the performance of
product traceability for the SRL supply chain. With the proposal of developing hybrid
traceability models described in the Methodology chapter, the next section will report
the testing and evaluating results of phase two.
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4.3

RESULT OF PHASE TWO: DEVELOPING AND
TESTING BIOMETRIC TRACEABILITY MODELS
FOR THE SRL SUPPLY CHAIN

Following the research for lobster grading and identification in phase one, this section
demonstrates the testing activity of the proposed biometric verification model. The
aim of this phase is to discover how feasible low-cost image-based biometrics can be
used to improve the traceability practice for the SRL supply chain. It firstly recalls two
hybrid traceability models propose in the Methodology chapter, where lobster images
and tag IDs (at item and box levels) are combined to achieve the twin goals: increasing
the accuracy for recognition and adding an extra security layer for product tags. Based
on these models, a prototype of a biometric traceability system is developed to simulate
the interaction between consumers and Australian SRL exporters. Finally, the
efficiency of the hybrid traceability models is evaluated to highlight the contribution
values of this research in improving the product traceability for the SRL industry.

4.3.1

HYBRID TRACEABILITY MODELS FOR THE SRL
SUPPLY CHAIN

An integrated approach for product traceability is considered as the best option to suite
the limited identification capability of the multimodal biometric system. Mapping to
the existing product tracking practice of SRL business, there are two types of hybrid
traceability models that can be developed as illustrated in Figure 43 (next page).
In the first model, lobster images can be combined with tag IDs attached to individual
lobsters to form a 1-to-1 matching mechanism. The design is suggested for SRL
businesses who have implemented an individual tagging program on their lobster
products for management or marketing purposes. The second model is suitable for
lobster processors who are using barcode labels on boxes of products for the tracking
objective. With the support of box ID, this model creates a 1-to-some matching
mechanism during the identification process.
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(a) Hybrid model with individual tags

(b) Hybrid model with box tags

Figure 43 - Two hybrid traceability models
In addition to these models, an extra module of species identification is added to
improve the reliability of a traceability system. It aims to avoid the risks when
customers purchase authentic SRLs but could lose their trust of the sellers because the
system fails to read the QR code for some reason or experiences the false-negative
problem for individual recognition.
The rest of this chapter firstly demonstrates developing and testing activity for a
prototype biometric traceability system to simulate the communication between
Australian lobster processors and distant consumers. Inside this system, the proposed
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hybrid traceability model that acts as a core verification engine. Therefore, evaluating
the efficiency of these models and the species identification module is the important
objective in response to the third research question

4.3.2

DEVELOPING AND TESTING A PROTOTYPE OF IMAGEBASED BIOMETRIC TRACEABILITY SYSTEM

To simulate the interaction between Australian sellers and distant customers along the
supply chain who are thousands of kilometres apart, a system prototype including
verification server and mobile application is developed and tested as below:

4.3.2.1

DEVELOPING VERIFICATION SERVER

The verification sever takes the key responsibility to handle a range of services
including image database, logfiles, grading, verification and data exchange with users.
•

Image database: raw lobster photos captured by a grading system are
numbered based on product IDs and saved in one folder. Then, the
corresponding carapace images are automatically extracted by Mask-RCNN
and placed in another folder for later analysis. In practical deployment, the
feature vectors extracted from the carapace images through colour histogram,
texture analysis and Siamese network techniques can be saved in
corresponding files (using HDF5 format to handle large data amount) to make
it ready for quick comparison. However, to produce a proof of concept in this
research, these feature vectors will be only extracted when matching with
claimed images from users.

•

Logfile: in addition to the image database, a logfile carrying lobster IDs,
carapace IDs, grading attributes (size, weight, colour groups) of registered
images, and other supply chain information (e.g. processor, fisher, catching
location and catching date) is also generated to support the matching
processing and return information to customers. In the lab environment, the
supply chain data are created with pretended values. This log file links to two
image folders as shown in Figure 44 (next page).
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Figure 44 - Data organisation on the verification server

•

Lobster grading: this function takes place before the verification task. A
lobster photo sent from the user is analysed for size, weight and colour and the
results are returned to their screen. To convert the carapace length to mm, focal
length and sensor size of the mobile camera need to be collected. Because each
mobile device has different parameters, the server is designed to read metadata
of the photos sent by users to determine the mobile model. Based on this, it
will search the corresponding parameters of the camera in a pre-defined library
built by the programmer. For example, if the server detects that the photo sent
by user is captured by iPhone 7, the focus length of 3.99 mm and sensor size
of 4.8 mm will be applied. For camera distance, this metric is set permanently
on the server. Therefore, users are expected to use a ruler or stick with fixed
length to keep the camera at this distance for the best result. This constraint is
explained more in the next section.

•

Lobster verification: following the grading service, the verification function
is taken place based on the multimodal biometric mechanism developed in
phase one. Product ID (item or box) sent together with the lobster image is
firstly checked against the logfile for its validity. If passed, it is used to allocate
the candidate or group of candidates in the database for checking size. If passed
the size check, the qualified candidate(s) are continued to be matched with
claimed image through colour histogram, texture analysis and Siamese
network. As a result, an “accept” decision is only made when the claimed
lobster satisfies four criteria above. If the “reject” decision is made due to
invalid product ID or non-match result of the verification process, a further
checking on species level is conducted to help customers confirm whether the
- 104 -

Chapter 4 - Implementation Results
product is a genuine SRL or not. The testing for lobster verification at both
individual and species levels is described in 4.3.3.
•

Data exchange: for communication with client applications over network
connection, the Representational State Transfer (REST) Application Program
Interface (API) technique was adopted. This is a communication standard
relying on Hypertext Transfer Protocol (HTTP) messages exchange between
different systems regardless of their internal platform. As such, all the image
processing tasks are performed on servers while the clients only send lobster
images, tag IDs and receive the results through the REST API.

4.3.2.2

DEVELOPING AND TESTING MOBILE APPLICATION

On the consumer side, a mobile application named SRLTracking is developed to
provide the grading and verification services to users. The software is built based on
React Native framework with the aim to support iOS and Android platforms. It also
communicates with the server through the REST API protocol. The functions of
SRLTracking are developed and tested with four steps as shown in Figure 45 (next
page).
In the first step of capture mode, users are allowed to take photos of lobsters or choose
an available photo from the local library on the phone. When capturing lobster photos,
the metadata of the images are recorded with the mobile model so the server can
determine the camera specification to find focal length and sensor size values from its
local database. Also at this stage, users are required to use a stick or ruler to stabilise
camera distance to the ground as predefined on the server for size calculation. The
testing activities as shown in Figure 46 (next page) indicate that it is not difficult for
users to keep their camera right on the central point above the object. Therefore,
attention should be paid to this factor to facilitate the grading and identification tasks.
After taking photos, users click on the “Grading” button to proceed to the grading
analysis. The results returned from the server will be displayed on the grading section
of the application as shown in Figure 45b (next page). Moving ahead, users can press
the “Verify” button to examine the authenticity and provenance of the product. At this
stage, a QR code reading windows appears for users to scan the tag/label of individual
or box of products. This function is integrated into the application as an option and
user can skip it. This aims to support the identification mode in the future once the role
of the tag is removed from the identification process.
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4.3.3

TESTING THE HYBRID TRACEABILITY MODELS IN A
SIMULATED SUPPLY CHAIN

Inside the prototype biometric traceability system developed for the SRL supply chain,
the hybrid traceability models act as the core verification engine. Therefore, testing
the efficiency of these models associated with the extra species identification module
is an important part of the research in phase two to evaluate the feasibility of the lowcost image-based biometric traceability solution for SRL products. The following
sections describe the testing activities and outcomes obtained in the laboratory
environment.

Figure 47 – Image dataset of other rock lobster species

4.3.3.1

PREPARING TESTING DATASETS

In the scope of this research with limited time and resources, the trials on product
verification are conducted in a simulated supply chain environment, where the main
image dataset of 200 lobsters collected in phase one can be reused. Besides the primary
set of SRL images, the experiment on species identification also requires an extra
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dataset from other rock lobster (RL) species. For this PhD project, collecting SRL
photos is the main mission to support individual identification. The author has not had
sufficient time and resources to gather information of the other RL species in the other
regions of Australia and other countries. Therefore, to produce a proof of concept for
species identification, the quickest and cheapest way to build the dataset up is using
Internet sources.
In particular, the RL species surveyed in 1.2.3 are taken into consideration for the
image-based Google search. It includes Western Rock Lobster (WRL), West Coast
Rock Lobster (WCRL), Californian (or Mexican) Red Rock Lobster (RRL), Eastern
Rock Lobster (ERL), Caribbean Rock Lobster (CRL) and Tropical Rock Lobster
(TRL). For each species, a number of photos which cover the capture angle from top
down are selected. As a result, 100 qualified images downloaded for the test can be
seen in Figure 47 (previous page). In addition to the negative samples, photos of 100
SRLs were also randomly selected from the main image dataset of 200 SRLs to create
a balanced positive group for the experiment. Although this dataset is small, it is
sufficient to demonstrate how a colour histogram can be used to discriminate between
SRL and non-SRL species.

4.3.3.2

TESTING THE HYBRID TRACEABILITY MODEL WITH
INDIVIDUAL ID

The hybrid traceability model with individual tags is suitable for businesses who have
deployed item tagging but are concerned about the security of this tool to fraudulent
activities. Inside this model, a claimed lobster is only accepted by the system if it
satisfies four criteria including size, colour, texture and Siamese scores as illustrated
in Figure 48 (next page). Compared with the original design of the multimodal system
developed in 4.2.6, size attribute in the model is treated the same as the other biometric
trails in the parallel checking process. This is because the system can navigate the
extract candidate in the database for matching by using tag ID. With this design,
invalid tag ID or rejecting cases are passed to the species identification module.
In the lab environment with the focus on biometric factor, the cases of invalid product
ID due to poor QR code images or fake identity are not considered. The product IDs
are assumed to be always valid to enable the 1-to-1 matching process to occur. By this
way, the efficiency of this hybrid traceability model can be assessed in comparison
with the conventional identification approach. Using the image dataset of 200 lobsters
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collected from phase one, each testing lobster generates 1 positive case and 199
negative cases as illustrated in Figure 49 (next page). This means that the pair of testing
SRL001-registered SRL002 is considered different from the pair of testing SRL002registered SRL001 as they use different images for matching. As a result, 200 positive
cases and 39,800 negative cases are created in total.

Figure 48 - Verification process inside the product tracking system

Figure 49 - Design of positive and negative testing cases for the verification module

With the same thresholds applied in the experiment of phase one, the confusion matrix
of result is reported in Table 12 (next page). Looking at this table, the true-positive
and true-negative rates are 128/200 (64%) and 39,659/39,800 (99,65%) respectively.
As such, the true-positive outcome is entirely equivalent to the result yielded for the
multimodal system (see 4.2.6.1). However, the true-negative rate underlines an
impressive result for this verification mode. It shows that individual tag ID has
dramatically alleviated the false-positive problem encountered in the identification
algorithms and simultaneously allowed the system to locate exactly the candidate for
returning product information to consumers.

- 109 -

Chapter 4 - Implementation Results

Table 12 - Testing result of the verification module
Total positive cases: 200

Recognition System

Total negative cases: 39,800

Positive

Negative

Database

True

128

72

False

141

39,659

To obtain an insight into these results, the decisions of each filtering criterion are
summarised in Table 13 below. Looking at the positive checking outcomes, the Sizebased checking layer should accept all in theory when applying a tolerance range of
+/-6%. However, since only 96% testing cases passed this checking criterion, further
improvement on the grading technique is required. Across the next three layers, the
Texture layer offers the highest true-positive rate (95%) over Colour Histogram and
Siamese network. Finally, 64% of claimed lobsters satisfied all the criteria in the
positive testing case. Looking at the negative testing case, the Size criterion can help
eliminate up to 43.04% cases. Impressively, the Siamese network has outperformed
the Colour Histogram and Texture with 94.74% true-negative cases. As such, the final
result indicates that only 0.35% of negative claimed lobsters met all the criteria (falsepositive rate) which expresses a very good performance in this 1-to-1 verification
model.
Table 13 - Decisions made by each checking layer in the verification module
Size

Positive
check

Negative
check

4.3.3.3

Accept
Reject
Accept
Reject

Colour

Texture

Siamese

Final

Total

Score

Decision

Cases

192

170

190

161

128

(96%)

(85%)

(95%)

(80.5%)

(64%)

8

30

10

39

72

(4%)

(15%)

(5%)

(19.5%)

(36%)

22,672

5,076

5,924

2,093

141

(56.96%)

(12.75%)

(14.88%)

(5.26%)

(0.35%)

17,128

34,724

33,876

37,707

39,659

(43.04%)

(87.25%)

(85.12%)

(94.74%)

(99.65%)

200

39,800

TESTING THE HYBRID TRACEABILITY MODEL WITH BOX ID

This model, also called semi-verification, operates based on the principle of 1-to-some
matching where box ID and lobster images are combined to improve the biometric
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recognition performance. Batch tracking level is considered a popular traceability
mode in many food supply chains including the SRL industry. As analysed in 2.2.2,
this is a preferred approach over item level due to lower cost and time investment.
However, the major downside of this tracking practice is the higher error rate and the
infeasibility in verifying information of individual products. In a practical
investigation into the operation of SRL supply chain, Bonney, Laurie et al. (2017) have
also raised a serious concern of intentional substitution especially when many
distributors choose to tranship the products via Vietnam before arriving in the Chinese
market to avoid tariffs. Explicitly, using a common barcode on product boxes has made
the Australian sellers vulnerable to fraudulent activities along the chain and at the
marketplace.

Figure 50 – Semi-verification process inside the product tracking system

With the assistance of image-based biometric recognition, it not only offers a powerful
tool for SRL businesses in combatting product frauds but also allows individual fish
to be verified for its provenance. The specific workflow of this tracking module is
illustrated in Figure 50. In this design, box ID is checked against the database to
allocate a group of candidates for matching. Based on the packing and delivery practice
within lobster processors, each Styrofoam box can hold about 30 lobsters. This number
is used as reference for the testing on this hybrid traceability model. With the group of
30 candidates, the system firstly applies a size-based filter to eliminate irrelevant
members from the group before feeding the rest to the parallel checking engine.
As such, the key idea of using box ID is to reduce the false-positive rate encountered
by the conventional identification model where hundreds or thousands of lobster
photos are sequentially compared. Throughout this semi-verification process, if a
matched is found, users will receive product information from the server. In fact, if all
the lobster products in the same box coming from the same source (i.e. fisher or fishing
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location/date), returning product information to customers is acceptable even the true
one is not on the top of the matched list. For the reject outcomes, the claimed lobster
image will keep going through the species identification module to help customers
confirm whether it is the genuine SRL product or not.
To focus on the ability of this model in dealing with the false-positive problem, box
IDs are assumed to be valid. The dataset of 200 lobsters from phase one is organised
into both positive and negative checking scenarios. From a mathematical perspective,
this dataset will generate an enormous number of all possible groups of 30 objects
(200! / 170!). Therefore, it is not feasible to examine all the cases. A suggestion for
this experiment is using a random principle to produce 100 groups of 30 lobsters for
the evaluation purpose. As a result, the system needs to run 30 positive and 170
negative matching cases for each registered group in the database as illustrated in
Figure 51. With this setting, 3000 positive and 17,000 negative matching cases are
generated for the assessment.

Figure 51 - Design of positive and negative testing cases for the semi-verification
Table 14 - Testing result of the semi-verification module
Total positive cases: 3,000

Recognition System

Total negative cases: 17,000

Positive

Negative

Database

True

1,912

1,088

False

7,648

9,352

Running the Python scripts on these two testing scenarios, the prediction results vs the
true cases are summarised in Table 14. In this confusion matrix, approximately 64%
of the positive checking are true-positive cases where the true candidates always
belong to the final matched list. This outcome is consistent with the ones yielded from
both the multimodal system tested in phase one and verification model with individual
tag (see 4.2.6.1 and 4.3.3.2). Importantly, the false-positive rate has been decreased
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from 64.5% of the identification mechanism to 45% under the support of box ID. This
is considered a significant improvement offered by this hybrid traceability model that
creates a great potential for real-world application.
To obtain an insight into these results, the decisions of each filtering criterion are
summarised in Table 15. In particular, Size attribute offers 96% correct matching cases
for the true candidates. Although a slight decrease of accuracy occurs across the
Colour, Texture and Siamese checkers compared with the one-to-one matching
mechanism, the final recognition outcome for true-positive is still the same with 64%.
For the negative testing, there are always a number of lobsters in the database falling
in the same range of size with the claimed image. Moving to the parallel checking
process, although the true-negative rates for the three biometric trials are quite low
with 27%, 24% and 33% respectively, the combination of these three attributes allows
up to 55% of correct decisions.
Table 15 - Decisions made by each checking layer in the semi-verification module
Size

Positive
check

Negative
check

Accept
Reject
Accept
Reject

Siamese

Final

Total

Score

Decision

Cases

Colour

Texture

2,889

2,474

2,754

2,316

1,912

(96%)

(82%)

92%)

(77%)

64%)

111

526

246

684

1,088

4%)

(18%)

(8%)

(23%)

(36%)

16,999

12,360

12,997

11,323

7,648

100%)

(73%)

(76%)

67%)

(45%)

1

4,640

4,003

5,677

9,352

(0%)

(27%)

(24%)

33%)

55%)

3,000

17,000

With the same approach of the first verification model, all the rejecting cases are
passed through the extra species identification module. This allows claimed lobsters
refused by the system to be confirmed as SRL products or not. The next section
examines how the extra species identification module can be tested and evaluated.

4.3.3.4

TESTING THE SPECIES IDENTIFICATION

Following the two hybrid traceability models that concentrate on individual
identification, the “reject” cases due to invalid tag or valid tag but rejected by the
recognition process continue to go through the species identification module to assist
customer’s inspection. Practical observations on the Google search for various RL
species indicate that colour is a promising characteristic to discriminate them.
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However, some species look very similar to SRL from the colour perspective, such as
WCRL and WRL shown in Figure 52.
To produce a proof of concept with limited dataset collected in this research, a colour
histogram-based classification method is applied. With the output of two classes (SRL
and non-SRL), an SVM classifier is chosen for demonstration. The workflow of this
approach is illustrated in Figure 53. Raw images downloaded from Internet often vary
in their size and object position. Therefore, a manual cropping is required to ensure
the lobster object reasonably fits the image as shown in Figure 47 (page 114).
Following this, it is automatically rescaled into an identical size (600x800) for
segmentation with Mask-RCNN. Ideally, when lobster photos captured properly as
deployed in 4.2.1, the rescaling does not impact on the image ratio (3/4 for x and y
axis). In contrast, the original ratio of the object for most Internet sourced images are
often changed by this step. However, it is not a big issue for colour histogram
calculation as this attribute is invariant to scaling according to Shih and Chen (2002).

SRL

WRL

WCRL

Figure 52 - Some similar RL species compared with SRL

Figure 53 - Procedure of species classification with colour histogram and SVM

As such, the input dataset includes 100 photos of SRL and 100 photos of Non-SRL.
Under the support of Mask-RCNN, the carapace regions are extracted from all the
lobster photos and placed in 300x300 frames. During this process, only 81/100 of NonSRL images have been detected for carapace regions by Mask-RCNN. This is because
the model was initially trained on the SRL dataset. Therefore, it is completely normal
if the model cannot work on some photos that are dramatically different to SRL
images. For the species identification purpose, this is clearly a positive result because
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the model is able to eliminate irrelevant RL species right at the segmentation stage of
the identification process.
Continuing on, the output dataset after segmentation now contains 181 samples for
classification. As such, the input feature vectors for SVM classifier are the set of colour
histograms representing carapace images. To avoid the impact of the brightness degree
caused by lighting conditions, the colour histograms are only calculated for Hue and
Saturation channels of the HSV space that are consistent with the approach used in
4.2.3.3 and 4.2.5.1. At the same time, an object mask is also applied during the
histogram calculation to ensure that the black background is not involved in the
classification result. With 180 bins for Hue and 2 bins for Saturation, a vector of 360
dimensions is created for each image. These number arrays are fed into SVM (using
Linear kennel) for training and predicting. For evaluation purpose, a cross-validation
with 4-folds is applied corresponding to 75% for training and 25% for predicting. The
average accuracy yielded from this operation is 92%. To obtain a clearer view into this
result, a specific training/predicting round with the same proportion (75/25) is picked
for observation. The confusion matrix of this prediction is presented in Table 16.
Table 16 - Prediction result of SVM for species identification
Number of instances: 46
(0.25 x 181)

Predicted class
Non-SRL

SRL

Non-SRL

18

5

SRL

0

23

Accuracy: ~89%
Actual class

The result in Table 16 indicates 7 cases of Non-SRL predicted as SRL species. These
false-positive cases can be anticipated due to the strong colour similarity between
some species as mentioned above. Noticeably, there is no opposite case where actual
SRL is considered as Non-SRL by the algorithm. As such, this is a promising
achievement of colour-based species classification. In practice, if a high error rate
occurs between SRL, WRL and WCRL, a CNN-based identification method is
recommended as a powerful solution and a large dataset for each species needs to be
collected. The next section will discuss the results of all the testing activities conducted
in phase two.

4.3.3.5

RESULT DISCUSSION
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The developing and testing activities demonstrated in this chapter have underlined the
great potential benefits of the biometric research to product traceability for the SRL
supply chain. Based on the centralised architecture, a prototype traceability system has
been developed to simulate an interaction between distant customers and the
Australian sellers. In this simulation, with an assumption for the verification server to
be placed at the Australian SRL processors’ facility, live lobster products when
arriving in markets can be graded and verified by downstream buyers of the chain
using a mobile application. Compared with the conventional tag-based traceability
systems, the core idea of this research is the integration of biometric recognition
capability to enhance the security of customer’s purchases. Therefore, the mobile
application (SRLTracking) has been designed with barcode reading and image
capture functions to enable the process of lobster grading and verification. As a result,
distant customers along the supply chain who are thousands of kilometres apart from
the Australian seller, can verify the authenticity and provenance of the premium SRL
products.
Inside the prototype traceability system, the hybrid traceability models and species
identification module act as the core verification engine. The testing results on two
hybrid models highlight that the false-positive rate encountered by the conventional
identification approach in phase one has decreased from 64.5% to 0.35% and 45%
respectively. For true-positive rate, the experiments across two research phases show
the maximum recognition competency at 64%. For SRL businesses who are faced with
a cost barrier in implementing an item tracking level, this hybrid model with box ID
enables them to verify individual products based on the existing cheap labelling
scheme. Once the false-positive rate (currently 45%) is minimised to an acceptable
value, this model would outperform the traditional item tagging approach in terms of
cost and time investment. Therefore, further work is expected to improve the overall
identification accuracy that allows this solution to be approached by the SRL supply
chain participants.
Additionally, to mitigate the risk of the biometric traceability system, the extra species
identification module has been added to deal with the situation in which claimed
products might be rejected by the biometric analysis at individual level. Even if the
rejection is correct, because the true candidate is not present in the database, this
module is extremely necessary to consolidate customer’s confidence in the sellers
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when purchasing genuine SRL products. Impressively, the use of colour histogram and
SVM classifier has produced up to 92% of accuracy for species identification that
offers a great potential for real-world application.

4.4

CHAPTER SUMMARY

This chapter has presented the implementation results of two research phases proposed
in the Methodology chapter. In the first phase, the results of data collection and data
analysis on lobster grading and identification were described. The proof of concepts
produced in this research are important to answer the RQ1 and RQ2. In particular, it
has demonstrated the feasibility of using image processing and CNNs for a range of
activities including image capture, extracting region of interest, analysing grading
attributes, developing a prototype of an automatic grading system, analysing lobster
identification and developing a multimodal biometric system. Importantly, the
research is oriented to work on low-cost camera devices, such as Raspberry Pi
cameras, making the solution accessible to small businesses in the SRL industry and
be able to validate photos taken by consumer mobile devices. Within each
investigation for lobster grading and identification, this chapter has also highlighted
challenges encountered in addition to the achievements. This enables future
researchers to determine where further steps can be taken to improve the outcomes of
this work.
Also in this chapter, the experiment results of phase two have demonstrated how lowcost image-based biometric identification can be used to improve the product
traceability for the SRL supply chain. It has presented two hybrid traceability models,
where lobster images and tag IDs (at item and box levels) are combined to achieve the
twin goals: increasing the accuracy for recognition and adding an extra security layer
for product tags. Based on these models, a prototype biometric traceability system has
been developed to simulate the interaction between consumers and Australian SRL
exporters. Within this system, the efficiency of the hybrid traceability models, and the
species identification has been tested and evaluated. The outcomes of this phase,
therefore, has produced important evidence to address RQ3: “How can the biometric
recognition outcomes be utilised to improve the traceability performance for the SRL
supply chain?” The next chapter will discuss how all three RQs are addressed by the
research conducted in the two phases. It then highlights the research contributions and
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acknowledge the limitations of this PhD thesis that forms a direction for future
research.
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Chapter 5 - Discussion of Research Findings

5.1

INTRODUCTION

This chapter discusses the research findings that emerged from the research undertaken
through the two phases of the work presented in this thesis. The first section of this
chapter interprets how the proof of concepts produced in each phase can help answer
the three research questions. Following this discussion, the second section analyses
and summarises the contributions of research in relation to the literature review. In
particular, it analyses three perspectives: computer vision technology, product
traceability and the SRL supply chain. Finally, a synthesis of findings is presented to
summarise a number of featured outcomes of this PhD project.

5.2

ADDRESSING THE RESEARCH QUESTIONS

The results obtained across the two phases has produced important evidence in
response to the research questions (RQs) posed in this thesis. With the aim of
discovering the feasibility of using low-cost computer vision technology to improve
traceability for the SRL supply chain, the response to each RQ can be interpreted as
follows:

5.2.1

ADDRESSING RQ1

How can a low-cost computer vision technology be used to analyse grading
attributes of SRL?
This question firstly mentions the need for an automatic grading solution for SRL
products facilitated by low-cost computer vision technology. Addressing this goal
offers three benefits relating to business and traceability: (1) potentially aiding the
productivity of business by replacing the manual practice, (2) enhancing data
collection for an electronic traceability system, and (3) producing filtering metrics for
the follow-up identification process on individuals. To address this RQ, a range of
experiments were undertaken in the laboratory, combined with field work for image
capture and analysis. A conclusion can be made from this investigation that the
measurement of key grading attributes, including size, weight and colour groups, from
lobster images captured by low-cost cameras, are completely feasible. The outcome
shows that 90% of size calculation based on image have differences compared to the
actual sizes within +/-5%. Based on the size calculation, 85% of weight estimation
have gaps within +/-10% compared with actual weights. The categorisation of lobster
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colour into dark red and pale red also achieved a promising result when a threshold
determined based on average colour of lobster carapaces can split the majority of
objects between two groups. Extra work on lobster grading as presented in Appendix
B reveals the potential for using image analysis to count legs and distinguish the sex
of individual lobsters. However, it needs a larger dataset to validate these methods.
To undertake the research to answer this question a prototype grading system was
developed. By simulating a common seafood grading machine, this prototype proves
that the combination of low-cost cameras, conveyer belt, relay and software has
demonstrated the potential for the automation of the grading practice within SRL
processors. Critically, the system allows a digital profile of each fish, including catch
information and grading attributes associated with its own ID, to be produced for use
in a traceability process. Although further research to improve this system before full
scale practical application is attempted, the result of this work has added valuable
evidence to the answer of the first RQ.

5.2.2

ADDRESSING RQ2

To what extent can a low-cost computer vision technology identify individual
SRL?
The second RQ targets a core issue of lobster recognition to create a direct contribution
to improving traceability for the SRL supply chain. An important constraint of this
investigation is the use of low-cost camera devices as is anticipated to be utilised by
industry stakeholders, such as SMEs and end consumers in image capturing and lobster
verification. Working on this problem space, multiple approaches using individual
techniques, including conventional image processing and CNNs, have been
sequentially examined before proposing a multimodal system to improve the overall
accuracy. Evidence generated from the experiments show that the rates of correct
match are 87%, 90% and 75% for colour histogram, texture and Siamese network
respectively. However, these values significantly rely on the way of defining
thresholds within the distance-based classification. Corresponding to these correct
match results, the false-positive rates in negative matching scenario are 90%, 80% and
87% in the same order of the techniques. This means that the threshold values can be
reduced to alleviate this issue, however the accuracy then also decreases respectively.
As such, the false-positive rate has become a major problem in the identification
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algorithms where the system tends to accept the claimed lobsters that do not exist in
the database. However, the output of these tests has indicated a positive side of the
investigation where the techniques are able to filter from 100 lobsters to a group of
similar candidates (between 10 and 15). From this viewpoint, the Siamese network
works better than the image processing techniques when it can return an average of 10
candidates per claim.
To boost the overall performance of individual identification, a multimodal system has
been proposed and tested. By combining lobster size and parallel checking on a colour
histogram, texture histogram and Siamese scores, the integrated system achieved 64%
for correct match, 35.5% for true-negative (corresponding to 64.5% of false-positive).
The system can also return an average of 5 best matched candidates per case from 100
registered objects in the database. This approach has produced better outcomes than
the independent techniques and it is expected to establish a significant foundation for
further work to build on. At this stage of the research, the results achieved were
insufficiently reliable for the identification of individual lobsters if used as a
standalone solution. Therefore, the goal of the third RQ is to find out how possible the
current identification result obtained from phase one can contribute to the traceability
practice for the SRL industry.

5.2.3

ADDRESSING RQ3

How can the biometric recognition outcomes be utilised to improve the
traceability performance for the SRL supply chain?
The answer to this question plays a significant role to demonstrate how the biometric
research would benefit the product traceability for the SRL supply chain. The aim of
this research is to use lobster images as a reliable identifier that helps to achieve a tagless traceability system for the SRL products. Despite the development of a
multimodal biometric system with the aim of improving the identification accuracy,
this goal could be challenging due to the high false-positive rate produced by the
current analysis methods. Therefore, this research has considered the hybrid
approaches in addressing this RQ. The literature review presented in 2.2.5 has
underlined the vulnerability of tag-based tracking practices to fraudulent activity
especially for premium products. By adding an extra checking layer based on images
of a given lobster, the reliability of a traceability system is significantly improved. The
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testing activity on the first hybrid verification model (combining lobster images and
individual product ID) prove that the problem of false-positive has been eliminated
completely where the correct-reject rate reached to 99.65%. However, the second
hybrid verification model that combines lobster image and box ID only accomplishes
a relative increase of true-negative of 55% compared to 35.5% of the identification
mode. For the true-positive rate, both models achieved the same accuracy at 64% as
the identification mode tested in phase one. Across these two models, an additional
module of species identification was also added to handle the cases of invalid tag
reading and rejection of individual matching process. This aims to enhance customer’s
confidence on the sellers if the claimed products are genuine SRL but could be refused
by the biometric verification system by mistake. A proof-of-concept system developed
in this module indicates that the system can detect SRL and non-SRL products with
approximately 92% based on colour feature. This offers a positive outcome to its
applicability in practice.
Throughout the entire work in phase two, the development and testing of a prototype
biometric traceability system and its hybrid verification mechanisms has produced
important evidence to answer RQ3. Although further work needs to be undertaken
before a system of this nature can be put into commercial operation, the findings
obtained at this stage of the research has proven the potential for using computer vision
technology to revolutionise the traceability systems for the SRL supply chain.

5.3

CONTRIBUTIONS OF THE RESEARCH

This section discusses the key research contributions in relation to the literature review
presented in Chapter 1 and Chapter 2. It examines the contributions from three
perspectives: Computer Vision Technology, Product Traceability and the SRL
industry.

5.3.1

COMPUTER VISION TECHNOLOGY

From this perspective, the research has provided valuable evidence to strengthen the
position of computer vision in the food supply sector. With the findings obtained
across the grading analysis, prototype of grading system, recognition analysis and
multimodal biometric system, this technology has shown its ability to solve various
research problems in this SRL case study. In the initial lab experiments with lobster
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images captured by low-cost camera devices, it was proven that image processing can
enable multiple grading attributes including size, weight (converted from size), colour
groups, number of legs and sex to be measured. This is a significant finding to state
that lobster products can be automatically graded based on digital images in addition
to the other food grading studies such as sea bream (Dowlati et al. 2013), shrimp (Lee
et al. 2012), pork (Chmiel, Słowiński & Dasiewicz 2011) and strawberries (Liming &
Yanchao 2010).
Continuing from this work, the successful application of Mask-RCNN for the
segmentation purpose to improve the grading performance in a wide scale has
demonstrated the vital role of CNN models in the modern computer vision sector.
Mask-RCNN, a well-known model for object detection proposed by He et al. (2017),
was demonstrated in this work to be powerful in its learning capacity to extract the
carapace areas precisely. In the experiments with SRL photos, it offers an automatic
and consistent mechanism for ROI segmentation with the minimum impact caused by
the surrounding contexts including image background, lobster colours and poses. This
is a significant finding indicating the advantage of CNNs over traditional image
processing in solving the segmentation problem of lobster images.
For the goal of measuring and evaluating colour of food products, research of
Tomasevic, Tomovic, Ikonic, et al. (2019) has proven that computer vision
outperforms traditional colourimeter approaches especially for non-uniformly
coloured structures. Therefore, the application of image processing for lobster colour
categorisation in this research is expected to produce accurate outcome in comparison
to the traditional approaches. To achieve a better result of colour classification in the
context of SRL supply chain, this research also focuses on using the HSV colour space
in which the Value channel is eliminated, relying on just the Hue and Saturation
elements. This allows the impact of the brightness to be minimised producing an
improved grading result. Therefore, the colour categorisation approach for lobster
products used in this research is expected to precisely reflect the industry requirements.
Moving to the identification research, the experiments with individual techniques (i.e.
colour histogram, texture, Siamese network) and a multimodal system have
demonstrated the potential in automatically identifying individual lobsters. While the
application of these techniques in many biometric studies for various animal species
such as cow, pig and sheep (Hansen et al. 2018; Kumar et al. 2017), whale, Otago
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Skinks (Duyck et al. 2015; Kühl & Burghardt 2013), crab (Gosselin, Sainte-Marie &
Sévigny 2007) and shrimp (Gallardo-Escárate, Goldstein-Vasquez & Thiel 2007) have
been recorded, the research into SRL species is novel and creates a significant case
study in the computer vision field with two key contributions. It firstly provides a
multi-dimensional approach for researchers to understand how different identification
techniques work and yield the results. In addition to the “white-box” analysing
mechanism of colour histogram and texture, the use of a Siamese network has offered
another approach for identification feature extraction based on deep learning. As these
recognition methods are built based on similarity distances, it presents an opportunity
for multiple trials to be taken on different thresholds to discover the best level for this
threshold. Secondly, the combination of different characteristics analysed from lobster
carapaces (size, colour histogram, texture and Siamese score) aims to boost the
recognition competency. The design of this system is considered as an extendable
framework for lobster identification where extra attributes can be analysed and
integrated to improve the accuracy.

5.3.2

PRODUCT TRACEABILITY

This research has proposed a novel way to improve product traceability for use across
the length of the SRL supply chain. The current dominant regulatory expectation and
business practice for food labelling and traceability primarily rely on barcode and
RFID systems (Aung & Chang 2014; GS1 2019a). However, these methods face a
range of challenges regarding fraud (Awad 2016; Bilal & Martin 2013), product
damage (Bonney, Laurie et al. 2017; Tamm, Schiller & Hanner 2016) and cost barrier
(Piramuthu & Zhou 2016). By focusing on the identification segment in a product
traceability system, this research has developed an innovative way to revolutionise the
conventional tagging methods. Although further research is required to achieve a tagless traceability system for SRL products, the findings on automatic lobster grading
and identification have highlighted the applicability of a low-cost biometric solution
for seafood traceability. With the demonstration in this research, of using lobster
images as an extra checking layer to enhance the security of product tag, it is a
promising solution for SRL businesses. Within this solution, the research is oriented
to support low-cost camera equipment to make it accessible by SMEs and end
consumers who are anticipated to use smart devices to capture and verify a lobster
product.
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For small SRL businesses who face a cost barrier in implementing item tracking
according to Piramuthu and Zhou (2016), the hybrid model with box ID enables them
to take advantage of the current inexpensive box labelling scheme to verify individual
products. Once the false-positive rate (currently 45%) is minimised to an acceptable
value, this model would outperform the traditional item tagging approach in terms of
cost and time investment. Additionally, the species identification module added to this
biometric verification system is expected to make the traceability practices more
reliable and adaptable to the supply chain context. This will help the SRL industry to
combat the high risk of fraudulent business that has been acknowledged in a recent
report from the FAO (2018).
In parallel with the innovation on lobster identification, a centralised traceability
model has been proposed to suit the operation of the supply chain where Australian
SRL exporters occupy a primary industrial position to respond to any query of product
authenticity and provenance from overseas customers. Thus, a verification server
placed at the lobster processor’s premises and mobile application developed for
customers allows for real-time and reliable interaction between upstream suppliers and
downstream buyers regardless of their distance. This traceability model is expected to
protect Australian sellers and end consumers from fraudulent activity in retail
marketplace that has been recorded in practical surveys of FAO (2018) and Sotelo et
al. (2018). According to Norman

L pez et al. (2014), customers from other countries

including China find it hard to distinguish the species of Australian lobsters based on
appearance. Therefore, extending traceability communication to mobile platform also
provides them an important tool to verify genuine SRL products.

5.3.3

SRL INDUSTRY

The high-level motivation of this research is to address the food concerns that face the
SRL industry as stated in 1.2.3. With the potential advantages of this improved
traceability system, a range of concerns regarding food safety, quality, security,
customer expectation and food compliance faced by supply chain stakeholders could
be relieved. With the current limited traceability capability encountered by many SRL
businesses (Bonney, L et al. 2019), the potential benefits of biometric traceability
system developed in this PhD project firstly allows consumers to check the provenance
and authenticity of each lobster product on the market. Once a claimed lobster has
passed the verification process, buyers can receive important information of product
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history, such as catching location, catching time, landing date, fisher and processor.
This information is clear evidence for a safe and authentic product. As a result, it can
help maintain consumers’ confidence in SRL products in the context of a biotoxin
outbreak occurring at a specific region in the Australian marine environment such as
East Coast Tasmania (Tasmanian Government 2019). It simultaneously enables any
food recall occurring if a biotoxin outbreak has taken place in a quick and low-cost
manner. Secondly, the product authenticity confirmed by the system will help alleviate
untrue claims from overseas distributors for dead lobster cases (Bonney, L et al. 2019;
Simon et al. 2015). After a long flight from Australian processors to Chinese
distributors, the claims for dead lobsters at arrival currently rely on images or video as
supporting evidence, and this method is considered unreliable from the Australian
sellers’ perspective.
In response to the concern of food security, the stored biometric data used in the
tracking system can act as a powerful tool for combating potentially fraudulent activity
such as tag cloning or reuse (Awad 2016; Bilal & Martin 2013). If a lower quality rock
lobster product is used to replace a genuine SRL to attain the better market price, the
species identification module will help protect customers from such a dishonest action.
In terms of customer expectation, the deployment of a mobile application can be
considered as a necessary trend to enhance customer service (Bonney, L et al. 2019;
Kirk et al. 2011). Visibly, this real-time product tracking tool is expected to increase
customer’s confidence when they are able to verify the authenticity of premium SRL
products right on their mobile phone. Finally, the proposed traceability system also
plays a crucial role to help the Australian SRL businesses to be well prepared for any
compliance duty in the Chinese market, especially when the ChAFTA could alter the
commercial and regulatory environments (Bonney, Laurie et al. 2017). Contributing
to this goal is the clear advantage a low-cost tracking solution has which could enable
it to be easily and quickly adaptable to the current supply chain setting.

5.4

SYNTHESIS OF FINDINGS

This research was initiated with the aim of using low-cost image-based biometric
identification to improve product traceability in the SRL supply chain. Across two
research phases to explore how computer vision techniques can be applied to lobster
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images to address this goal, a number of featured outcomes have been obtained that
can be summarised in three groups as follows:

5.4.1

BIOMETRIC IDENTIFICATION AND VERIFICATION

This research has developed, tested and evaluated the use of low-cost image-based
biometric verification as a potential approach to enhancing product traceability along
the SRL supply chain. Firstly, using consumer grade cameras, it validated that lobster
images can be captured for both grading and identification in a manner that can be
adapted to fit different contextual requirements along the SRL supply chain. This
enables applicability in practice by allowing any participants of the chain including
SMEs and end consumers to approach the technology to secure their current selling
and buying operations.
Secondly, it is confirmed that image analysis can cope with different capture angles in
which the central top-down angle produced the best result for grading and
identification purposes. This finding is important to act as a guideline for users to
follow.
Thirdly, it is demonstrated that animal characteristics including colour and spiny
patterns of the lobster shells can be extracted effectively by various image processing
techniques and CNNs. In particular, the carapace images have proven the most useful
as they tend to be more stable compared with the other body parts when taking photos
from live lobsters that may move during the image capture. The selection on this ROI
is vital to ensure high-quality input data for grading and identification analysis.
Fourthly, it has highlighted the feasibility of recognising individual SRLs based on a
multimodal biometric model that combines size, colour, texture and deep learning
analysis. This biometric model is extendable and allows the addition of biometric trails
collected in the future to improve the recognition accuracy.
Finally, an effective approach for distinguishing SRL species from other rock lobster
species has been demonstrated based on the colour features of the carapace regions.

5.4.2

AUTOMATIC LOBSTER GRADING (COLOUR,
LENGTH/WEIGHT)

In parallel with lobster identification, an automatic grading solution for individual SRL
has been developed, tested and evaluated. This approach automatically measured
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lobster size from images to support dynamic weight estimation based on existing
length-weight formulas. This method also automatically rated lobster colour and
combined the result with weight to grade lobsters. In addition to the main attributes of
size, weight and colour, the lab experiments have demonstrated the possibility of using
different image processing techniques for counting lobster legs and identifying sex as
presented in the Appendix B.
Based on the analysis outcome, a prototype of automatic grading system was
developed for use inside a processor’s facility. The simulation on this system has
demonstrated the coordination between the software and hardware including cameras,
conveyor belt and a relay. As a result, this porotype can be improved in the future to
aid increased productivity for business and data capture for the identification and
verification processes.

5.4.3

THE FEASIBILITY OF IMPLEMENTATION IN THE SRL
SUPPLY CHAIN

Building upon the work undertaken for lobster identification and automatic grading,
the research has demonstrated the performance of the biometric verification system in
a simulated supply chain environment. In this simulation, the design and operation
principles for product verification between Australian sellers and consumers was
developed. It was tested in a client-server setting using a mobile application,
verification server and REST API based communication.
One significant outcome of this test highlights the great potential for SRL businesses
to achieve low-cost and reliable product tracking at item-level based on the current
box tagging practice. In this approach, customers are required to scan the barcode on
a box of product and capture an image of a lobster they want to verify. Based on the
box ID, the system can determine the group of lobster images belonging to the same
package. Then, the lobster image sent by a customer is matched with this image group.
Regardless of hundreds or thousands of images in the database, product ID attached to
boxes will always establish a 1-to-some matching mechanism in which the falsepositive rate produced by the recognition algorithm is minimised. In turn, lobster
images act as the second authentication factor to enhance the security of conventional
tagging method on a box of product.
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5.5

CHAPTER SUMMARY

This chapter has presented the discussion of the research findings emerging from the
two research phases demonstrated in the previous chapters. It has described how the
three RQs have been answered by the results of this research. In response to the first
RQ, the feasibility of developing an automatic grading solution for SRL products has
been demonstrated. Within this investigation, the use of low-cost camera devices was
used to ensure any solution would be accessible to small businesses in the SRL
industry and end consumers. To explore what extent a low-cost computer vision
technology can identify individual SRL as posed in the second RQ, the research has
demonstrated various approaches based on both traditional image processing and
CNN. The key output of this investigation is the multimodal biometric system that was
developed to boost identification accuracy. However, due to the high false-positive
rate produced by the current analysis methods, this research has considered the hybrid
models in addressing the third RQ. This approach, combined with an extra module of
species identification, has highlighted the potential for using a low-cost computer
vision technology to revolutionise the traceability systems for the SRL supply chain.
Across the research activities driven by the RQs, a number of key research
contributions have been also described. By linking these to the literature review, the
contributions were highlighted from three perspectives to illustrate their impact:
computer vision technology, product traceability and the SRL industry. Following the
analysis on research contribution, a synthesis of the research findings was also
presented. The next chapter will discuss the limitations of this work. It then outlines a
series of recommendations for future work that can be undertaken to build on the work
presented in this thesis.
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6.1

INTRODUCTION

The primary goal of this thesis was to enable stronger traceability within the SRL
supply chain. This final chapter firstly highlights the limitations and challenges of the
research. It then gives a set of recommendations for future work to improve the
effectiveness and makes the tag-free traceability solution become more practical for
the SRL industry.

6.2

LIMITATIONS OF THE RESEARCH

Developing a tag-less traceability system for SRL products from Australian processors
to the Chinese market as specified in the research aims (section 1.4) requires a high
accuracy of the identification system as well as the testing and evaluating activities in
a real supply chain environment. While this goal is not feasible to be undertaken at this
stage of the research, important steps towards that goal were achieved, and this section
will acknowledge and highlight the limitations of this PhD to inform directions for
future work.

6.2.1

DATASET

To support the investigation of lobster grading and recognition, lobster photos were
initially captured in the small scale for lab experiments before conducting field work
to expand the scale of data collection for evaluation of the techniques. The main dataset
of 200 lobsters, taken from multiple angles comprising 4000 photos in total collected
at a lobster processor is sufficient for testing and validating the grading analysis on
size, weight and colour. By applying a transfer learning technique in using MaskRCNN, the input dataset of 50 lobsters (3 images each) produced very good results for
carapace segmentation (under 0.06 of loss for object mask prediction). This created a
significant improvement in term of accuracy and flexibility compared with the manual
ROI extraction of image processing (Vo, Scanlan & Turner 2020). However, this
dataset is still limited for undertaking biometric identification research. While CNNs
is very powerful in learning features for classification purpose, the nature of deep
learning-based classification methods usually demands large and diverse datasets to
reach an optimal convergence. During the trials with the Siamese network,
augmentation methods were applied to the training set to increase the samples per
object from 9 to 90 which resulted in better prediction accuracy. However, this
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approach is likely not enough for the model to achieve a dramatic increase in its
prediction capability. It clearly requires a larger dataset in terms of number of objects
and samples per object to gain an optimal convergence in the Siamese network. The
potential of CNNs for feature extraction is very strong and has been successfully
proven in many recognition studies, and so collecting a larger image dataset of SRL to
assist further investigation would be recommended for further work in this area.

6.2.2

EXPERIMENTS OF LOBSTER GRADING AND
IDENTIFICATION

The research undertaken in this thesis on grading and identification techniques creates
a core contribution into a biometric traceability system for SRL products. For the
grading task, the analysis of length, weight and colour has gained positive results. The
application of Mask-RCNN has overcome a number of drawbacks of conventional
image processing in ROI segmentation. However, there are some limitations that need
to be solved before bringing the grading research into practical application. Firstly, the
length measurement is challenged by the relative height of a lobster’s head and the
lobster position in the image frame as explained in 4.2.3.1. These two factors have
created a substantial error rate between actual size and calculated size in some cases.
This outcome simultaneously affects the recognition process where it is used as a
filtering criterion. In the experiments of identification, a tolerance range of +/- 6% only
allowed 96% true lobsters to be matched. Secondly, the lobster grading practice within
processors considers more attributes such as number of legs, horns, sex and vitality
scores than the current research. Although the trials of counting legs and identifying
sex has been carried out as presented in the Appendix B, it has not been validated in
the field work due to the challenge of uncertain positions of legs and tail. At the same
time, determining vitality of a lobster based on imaging is also an unsolved challenge
at this stage of the research. Thirdly, the development of a prototype grading system
was only conducted in the lab. This is because deploying this system in practice
demands more investments in both engineering and animal psychological aspects to
ensure the live animals are handled in a proper and safe manner on a conveyor belt for
photo capture. This work focused on the feasibility of the computational task, and not
the future difficulties that could be faced with making the technology operational.
For the lobster identification task, experiments on the colour histogram, texture and
the Siamese network have created a significant start for the research into this new
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problem space. However, there are more approaches of feature analysis that were not
examined in the scope of this research. In particular, while the diversity of spiny
patterns on lobster carapace gives a great potential for individual recognition, the
experiment with LBP technique in 4.2.5.2 is not adequate to exploit this possibly. A
range of texture analysis methods, such as co-occurrence matrix, autocorrelation, other
grey level statistics, registration-based, edge features and morphological operation
(Xie 2008), have not been trialled. With this vast array of different approaches to
extracting pattern characteristics being possible, it is expected that recognition
accuracy could be improved. The parameters used within the Siamese network still
have scope for further optimisation, as this was not able to be focused on at a deep
level within the time available within this research. Although both the approaches of
training the model from scratch and using pre-trained networks (VGG16 and ResNet50
as presented in the Appendix D) have been examined, there are still many options in
building a CNN for feature extraction that are worth investigating in further work. At
this stage of the research, false-positive rate has emerged as the major challenge for
not only this CNN-based technique but also for the colour histogram and LBP
descriptors. Therefore, it creates a risk for a traceability system if lobster imaging is
used a standalone identifier.
In addition to these challenges, the lobster images used for all the identification
experiments were captured by the same camera sensor (Raspberry Pi version 2) and
under a controlled lighting condition. While the outcome of this research is sufficient
for the demonstration, further research needs to consider the different ways of taking
lobster photographs (i.e. using different camera devices and under various lighting
conditions) to fit the reality of product tracking activity along the supply chain.
Collecting the dataset for the species identification experiment is also considered as a
limitation of this research as the uncontrolled lighting conditions could create a
negative impact to the identification accuracy. Therefore, using the same or similar
image sensors and under similar lighting conditions for this data collection is
suggested as a future work.
Finally, the biometric research is currently focusing on carapace areas. Other parts of
lobster captured from top down, such as upper tail, lower tail, horn or legs, have not
been examined to determine whether it can provide an extra contribution to the
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recognition performance. This creates an interesting area for future investigation to
carry on.

6.2.3

EXPERIMENTS OF BIOMETRIC LOBSTER TRACKING

Evaluating how the biometric research can help improve the effectiveness of
traceability for the SRL supply chain is one of the major goals of this PhD. Ideally, the
evaluation should be conducted in a real-world supply chain where lobster products
move from a lobster processor to a customer site. This allows the research to
investigate the real-world context of product tracking activities as well as the
efficiency of the identification system within that context. However, within the
timeframe of this PhD, the development and testing of the prototype biometric
traceability system and the hybrid verification models have been carried out in a
simulated supply chain for demonstration purposes. Although the lab work has
produced significant proof of concept, this setting could not reflect the potential
barriers emerging from image capture, image analysis and system communication. As
a result, the following limitations have not been examined:
The link between tag ID and lobster image: Mapping between individual product
ID or box ID to lobster images within a lobster processor’s premises. While the grading
system has been prototyped with the aim of automating the process and assisting the
data collection including lobster images, mapping these data elements to product ID
or box ID would be a challenge when the products may be mixed along the business
flow inside the lobster processor’s facility.
Image dataset: Although the reuse of the lobster image dataset from phase one for the
research in phase two is reasonable to evaluate how the hybrid verification models
work, it does not expose the actual efficiency if tested with new lobster photos. It is
anticipated that recognition accuracy could be affected if lobster images were captured
by different camera devices at different locations of the supply chain. However, this
issue has not been examined.
Accuracy of recognition with Box ID: While the batch level tracking practice is
preferred by SRL businesses due to the low-cost investment, the hybrid verification
model that combines this tracking mode with biometric recognition only achieved 55%
of true-negative decisions. This outcome poses the risk of false-positive where the
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claimed lobsters are not in the database but are still accepted by the system. Therefore,
this value needs to be improved before considering deployment into the industry.
As such, the analysis in 6.2 has provided a realistic view into the research limitations.
However, as this is the first research undertaken using computer vision technology to
improve traceability for the SRL industry, it is believed that further research could be
carried out to overcome these limitations. The next section will highlight a number of
key suggestions for future work.

6.3

DIRECTION FOR FUTURE WORK

The work undertaken in this thesis is the first step in the direction of an AI driven
traceability system for SRL that enables the authentication and identification of
individual fish by stakeholders and customers. There are a range of future directions
that could be taken to bring a low-cost image-based biometric solution into a realworld application for SRL traceability. Based on the methodology and positive results
demonstrated in this research, the future of tag-free traceability for SRL products and
similar seafood products is completely viable. With the analysis on the current
limitations of this research, key efforts should be spent on improving the CNN-based
identification capability and expanding the research scale into a practical environment.
In particular, the following recommendations for the next investigation should be
considered:
-

The collection of a vastly larger image dataset with thousands of lobsters and
tens of images per lobster to be collected. This is important to enhance the
learning capability of the deep learning models.

-

With the assistance of a larger dataset, more attempts are recommended for the
core CNNs in the Siamese model to tune the parameters to increase the ability
of feature extraction for classification.

-

Extending the focus on various distinguishable characteristics on lobster shells,
such as tail, horn, legs, that could add more criteria into the multimodal
biometric system.

-

While the controlled lighting environment is still a major constraint for lobster
recognition, further trials should be conducted with different camera devices to
evaluate the real-world efficiency across multiple camera lenses. This result
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enables researchers to determine the adaptability of the system into the actual
supply chain environment.
-

For lobster species identification, further trails should be carried out using
larger dataset collected from the same or similar image sensor and under
similar lighting conditions.

-

Besides the key concentration on recognition accuracy, further work is also
recommended for improving the grading system at lobster processors. Based
on the prototype introduced in this research, the next steps can focus on the
design of conveyor belt, cameras, specialised servers and software to meet the
high demand of SRL processors. The investment in such a system is necessary
to not only facilitate the data collection for the recognition process from
consumers, but also aid in increasing productivity.

-

Finally, testing the biometric verification systems in a real-world supply chain
environment is a strong consideration. This will enable other issues to be
discovered from both technical and business perspectives that could aid in a
future large-scale rollout of the technology.

It is anticipated that with further work including collecting a larger dataset, improving
the identification techniques and testing in a live environment, it will be possible to
advance tag-less image-based traceability in the SRL and other seafood industry export
supply chains.
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APPENDIX B – EXTRA WORK ON LOBSTER GRADING
This section presents the extra work on lobster grading during the lab experiments.
Besides the main research of using Mask RCNN to support extracting the carapace
area and measuring size, weight, colour, the following contents demonstrate the initial
investigation of using image processing for grading analysis:

OBJECT EXTRACTION USING THRESHOLDING METHOD
This step aims to remove the background from the main object in an image using
conventional image processing. To perform this, a compressed version is generated
from a raw image to enable fast processing time and then converting from the RGB to
the HSV colour space. The reason for using HSV is because this model can represent
the colours that are naturally perceived by humans (Quevedo, Aguilera & Pedreschi
2010). To support the segmentation, a thresholding method was adopted to find object
mask. In this method, the threshold value of each channel in HSV was determined
based on the assistance of an open-source tool named range-detector provided on
GitHub. The mask determined by this tool is then applied back to the initial
compressed image to remove the background from the lobster object.

Figure 54 - Segmentation Result Using Thresholding Method

Figure 54 shows a positive result offered by this technique in the situation of black
background and low light reflection. However, for images with complex background
structure and high light reflection that results in unclear difference between object and
background colours, it is impossible to produce a perfect object mask for the
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APPENDIX C – PROCEDURE OF DATA COLLECTION AT
A LOBSTER PROCESSOR
THE PROCEDURE OF DATA COLLECTION
In multiple field trips to lobster centres in Tasmania undertaken in the first year of the
PhD project, the author choses to work with a medium-size lobster processor in Hobart
for the data collection. These premises are located close a big dock where various
seafood products including lobster, crab, abalone and scallop are unloaded directly
from fishing vessels and transferred by trucks in a short distance to the storage facility
as shown in Figure 60.

Figure 60 - The main storage area at the selected lobster processor

Before the actual implementation at the facility, a plan outlining a series of steps for
data capture is sketched out and discussed with the manager to receive an agreement
and resource assistance. As illustrated in Figure 61, this procedure covers both image
capture activity and size, weight measurements.

Figure 61 - The procedure of data collection

Basically, each lobster is photographed multiple times to produce a dataset for both
training, validating and testing purposes. Fish are moved from the storage area to the
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working area by baskets (average 4 lobsters per basket to avoid the impact of delay on
animal’s health). Each fish then goes through multiple capture rounds and
measurement activities as shown in Figure 61. This arrangement combined with a
slight movement of the animals under the cameras ensures that different image
versions of a lobster object can be produced for identification research. When the
process is finished, each fish quickly returned to another tank for separating with
unhandled animals. The average amount of time for each animal to be out of the water
is estimated between 6 and 8 minutes. As such, the last one in the basket could stay in
the open-air environment for about 30 minutes which is acceptable by the processor
manager.

PREPARING THE SYSTEM:
To setup the system for data collection, both hardware and software components are
planned. Table 18 below lists all the necessary items for building this system:
Table 18 - List of items used in the data collection system
Equipment
Main Items

Photos

Functions

3 x Raspberry Pi boards

Main processing board.

3 x Pi cases

Protecting Pi boards from waters

3 x Pi cameras version

Capturing photo.

2
3 x long USB cable

Power supply for Pi boards

1 x Ethernet switch

Communication between Pi boards and
computer

4 x Ethernet cable

Communication between Pi boards and
computer

1 x Laptop

Control the software and transfer all the
lobster photos on the Pi boards to local
hard drive.
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Jumpers

Sending control signals between the Pi
boards.

Supporting Items

Photos

Functions

1 x extended lead

Power supply

Metal frame

Holding the Pi boards and Pi cameras.

2 x lamps

Provide more light on both sides of the
objects.

carpet materials

Used as a background for very low light
reflection.

PVC Pipe

Used for lobsters to hold so they become
less aggressive during image capturing.

Gloves

Safety compliance

Boots

Safety compliance

Calliper

Measuring size

Weight Scale

Measuring weight

Software
Programming
Python

to

in
capture

image, display the data
and create logfile.
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ACTIVITIES AT FIELD WORK:
This section describes the actual data collection activities inside a lobster processor.
Table 19 below presents the steps for setting up the camera and lighting systems, taking

photos of lobsters and measuring carapace size and lobster weight. Based on this
practice, further work may continue to improve data collection activities.
Table 19 - Data collection activities at a lobster processor
Activities

Photos

Setting the system

Picking lobsters from a tank and
returning them to another tank.
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Capturing photos

Measuring size:

- 165 -

Appendices
Measuring weight:

Observing data on the software
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APPENDIX D – SIAMESE NETWORK FOR LOBSTER
IDENTIFICATION
This section presents various architectures of CNNs that have been tested in the
Siamese network for lobster identification. Based on the experiment results obtained
in this research, further work can be carried out to improve the identification accuracy.

ARCHITECTURE OF CNN FOR TRAINING THE SIAMESE
NETWORK
Figure 62 below shows a screenshot of the CNN architecture used in the Siamese
network in this research. The experiment result of this model is described in Error! R
eference source not found..
def SiameseNet(input_shape):
# -----Define the tensors for the two input images--------left_input = Input(input_shape)
right input = Input(input shape)
chanDim = -1
# ------Base CNN Architecture-----model = Sequential()
model.add(Conv2D(32, (3, 3), padding='valid', input shape=input shape,
activation='relu'))
model.add(BatchNormalization(axis=chanDim))
model.add(MaxPooling2D(pool_size=(3, 3)))
model.add(Dropout(0.25))
model.add(Conv2D(64, (3, 3), padding='valid', activation='relu'))
model.add(BatchNormalization(axis=chanDim))
model.add(Conv2D(64, (3, 3), padding='valid', activation='relu'))
model.add(BatchNormalization(axis=chanDim))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Dropout(0.25))
model.add(Conv2D(128, (3, 3), padding='valid', activation='relu'))
model.add(BatchNormalization(axis=chanDim))
model.add(Conv2D(128, (3, 3), padding='valid', activation='relu'))
model.add(BatchNormalization(axis=chanDim))
model.add(MaxPooling2D(pool size=(2, 2)))
model.add(Dropout(0.25))
model.add(Conv2D(256, (3, 3), padding='valid', activation='relu'))
model.add(BatchNormalization(axis=chanDim))
model.add(Conv2D(256, (3, 3), padding='valid', activation='relu'))
model.add(BatchNormalization(axis=chanDim))
model.add(Conv2D(256, (3, 3), padding='valid', activation='relu'))
model.add(BatchNormalization(axis=chanDim))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Dropout(0.25))
model.add(Flatten())
model.add(Dense(2048, activation='sigmoid'))
model.summary()
# Generate the encodings (feature vectors) for the two images
encoded_l = model(left_input)
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encoded_r = model(right_input)
# Add a customized layer to compute the absolute difference between the
encodings
L1 layer = Lambda(lambda tensors: K.abs(tensors[0] - tensors[1]))
L1_distance = L1_layer([encoded_l, encoded_r])

# Add a dense layer with a sigmoid unit to generate the similarity
score in the range 0 - 1
distance = Dense(1, activation='sigmoid')(L1_distance)
# Connect the inputs with the outputs
Siamese Net = Model(inputs=[left input, right input], outputs=distance)
# Return the model
return Siamese_Net

Figure 62 - Architecture of the CNN used the Siamese network

TRAINING RESULTS OF SIAMESE NETWORK USING PRETRAINED CNN MODELS
In addition to the selected CNN architecture above, the author has conducted a number
of experiments using the pre-trained VGG16 and ResNet50 networks as shown in
Figure 63 and Figure 64. However, the training results of these models have
encountered a significant overfitting issue.
def SiameseNet(input shape):
# Define the tensors for the two input images
left input = Input(input shape)
right_input = Input(input_shape)
# Loading the pre-trained VGG16 from Keras library
trained_vgg16 = VGG16(weights='imagenet', include_top=False,
input tensor=Input(shape=input shape))
# Freeze all the layers in the trained VGG16 to wam-up the new head
first---for layer in trained vgg16.layers:
layer.trainable = False
# Create a new head

for the pre-trained VGG16

headModel = trained_vgg16.output
headModel = Flatten(name='flatten')(headModel)
headModel = Dense(2048, activation='relu')(headModel)
headModel = Dropout(0.25)(headModel)
headModel = Dense(1024, activation='sigmoid')(headModel)
model = Model(inputs=trained_vgg16.input, outputs=headModel)
model.summary()
# Check whether the body of VGG is frozen
for layer in trained vgg16.layers:
print(layer, layer.trainable)
# Generate the encodings (feature vectors) for the two images
encoded_l = model(left_input)
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encoded_r = model(right_input)
# Add a customized layer to compute the absolute difference between the
encodings
L1 layer = Lambda(lambda tensors:K.abs(tensors[0] - tensors[1]))
L1_distance = L1_layer([encoded_l, encoded_r])
# Add a dense layer with a sigmoid unit to generate the similarity score
in the range 0 - 1
distance = Dense(1,activation='sigmoid')(L1_distance)
# Connect the inputs with the outputs
Siamese Net = Model(inputs=[left input, right input], outputs=distance)
# Return the model
return Siamese_Net

(a) CNN architecture

(b) Training and validating results
Figure 63 - Training the Siamese network based on the pre-trained VGG16
network
def SiameseNet(input shape):
# Define the tensors for the two input images
left input = Input(input shape)
right_input = Input(input_shape)
# Loading the pre-trained ResNet50 from Keras library
trained_resnet50 = ResNet50(weights='imagenet', include_top=False,
input tensor=Input(shape=input shape))
for layer in trained resnet50.layers:
layer.trainable = False
# Check whether the body of ResNet50 is frozen
#for layer in trained_resnet50.layers:
#print(layer, layer.trainable)
# Create a new head for the pre-trained RestNet50
headModel = trained_resnet50.output
headModel = Flatten(name='flatten')(headModel)
headModel = Dense(2048, activation='relu')(headModel)
headModel = Dropout(0.25)(headModel)
headModel = Dense(1024, activation='sigmoid')(headModel)
model = Model(inputs=trained_resnet50.input, outputs=headModel)
model.summary()
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# Generate the encodings (feature vectors) for the two images
encoded_l = model(left_input)
encoded_r = model(right_input)
# Add a customized layer to compute the absolute difference between the
encodings
L1_layer = Lambda(lambda tensors:K.abs(tensors[0] - tensors[1]))
L1 distance = L1 layer([encoded l, encoded r])
# Add a dense layer with a sigmoid unit to generate the similarity score
in the range 0 - 1
distance = Dense(1,activation='sigmoid')(L1_distance)
# Connect the inputs with the outputs
Siamese_Net = Model(inputs=[left_input, right_input], outputs=distance)
# Return the model
return Siamese_Net

(a) CNN architecture

(b) Training and validating results

Figure 64 - Training the Siamese network based on the pre-trained ResNet50
network
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from client will conduct a
matching process. There
are two cases of the reply
from server:
Case 1: sends ‘Nonmatch’ string back to
client if the product image
does not match with the
database.
Client displays ‘Non-match’ in the
Area 3 under the grading
information.
Case 2: Sends ‘Match’
together with product
information including:
seller name, fisher,
catching location and
landing date.
Client displays the identification
results in the area 3 under the
grading information:
Identification: match
Seller: data
Catching Location: data
Landing date: data
If user scan QR code

A camera screen appears for user to
scan a QR code. The software
automatically recognises the QR
code square and converts to a
string. This string is then displayed
in the area 3 below the grading
information with the format: ‘Tag
ID: string’. Client then sends a
‘verification’ message and Tag ID
to server to request a verification
process.
Server after receiving the
‘verification’ message and
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‘Tag ID’ will perform the
verification. The result of
this process also falls in
two cases like the scenario
of ‘skip’ above.
Similar to the ‘skip’ scenario, client
will display data sent by server in
the area 3 below Tag ID
information.

There is a button for user to go back
to the initial step to take another
lobster photo.
If server does not receive
any data or request from
client in 60 seconds, it will
close the TCP connection.
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APPENDIX F – DATA AUGMENTATION FOR TRAINING
SIAMESE NETWORK
To improve the performance of deep learning in the Siamese network, different data
augmentation techniques have been used to increase the number of samples in the
training dataset. In particular, the following techniques have been implemented in the
Keras platform:
-

Rotation_ range=30

-

Zoom_range=0.15

-

Width_shift_range=0.2

-

Height_shift_range=0.2

-

Shear_range=0.15

-

Horizontal_flip=True

-

Fill_mode= “nearest”
Table 21 - Result of data augmentation for lobster carapace photo

Under the support of these data augmentation techniques, 10 new and different photos
are generated randomly from an original photo. As the result the number of carapace
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images per lobster used for the training are increased from 9 original images to 90
images. Table 21 (previous page) shows the result of data augmentation for a lobster
carapace photo.
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