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ABSTRACT 

Pastures are an essential resource for the milk and meat industries, two of the key sectors in 

the agricultural industry. The main goal of any dairy farmer is to have a productive pasture that 

can provide nutrients for cattle. One essential factor for quality reduction in any pasture is 

weed. Dairy farmers spend a tremendous amount of time and budget controlling and destroying 

weed annually. This study has been defined and developed with a focus on weed detection and 

weed control. A software system had been designed and developed to monitor pastures for 

weed control. California thistle was chosen for the study once it was recognised as being the 

most widespread weed across New Zealand. After a realisation that the core component of any 

management system is monitoring, a weed-detection model was designed to recognise 

California thistle in a pasture environment. In the next stage, the model’s accuracy was 

improved, and a fuzzy inference system was integrated into the model, developing it into a 

system software for decision making on weed management. The key achievement of this 

research stage was developing methods to score pastures and generate a 2-D map for weed 

density and a 2-D map for measuring the quality state of a pasture. No other studies have 

achieved these supporting outputs. These features in the software system are novel and can 

help farmers by providing digital insight into their pastures. Finally, it has been thought to 

deploy the system software in a digital ecosystem by adding collaborative characteristics for 

sharing weed management knowledge among dairy farmers.  
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CHAPTER 1: INTRODUCTION  

The dairy and beef sectors are two of the main sectors in the agricultural industry, which in 

turn is a significant contributor to New Zealand’s economy. Both sectors rely heavily on high 

pasture productivity, and so maintaining quality pasture is the main goal of farmers in these 

sectors. Farmers budget time and money for ryegrass growth and to control unwanted factors 

that cause a reduction in the quality of their pastures.  

The most important factor that reduces the productivity of a pasture is weeds. After discussions 

with pasture experts, it has been realised that most weed control tasks on New Zealand dairy 

farms are carried out manually. This fact motivated us to set up our research on weed 

management in New Zealand pastures. A primary literature review on weed detection revealed 

the current state of weed control technology.  

To better understand the state of the current weed management, a survey was designed that 

targeted dairy farmers across New Zealand. The main purpose of our survey was to understand 

the current state of weed management in New Zealand and what are the gaps in technological 

use and automation that our study could address. The survey revealed that New Zealand dairy 

farmers generally have limited knowledge of issues around weed management, such as annual 

weed harm, weed growth, weed data prediction, and weed resistance to common herbicides. 

Furthermore, few farmers record any information about pasture quality and historical weed 

data for improving their weed management. As well as identifying gaps in New Zealand dairy 

farmers’ knowledge, the survey provided directions on the design and development of the 

proposed weed management system based on dairy farmers’ expectations and desires of 

services that weed management software should provide.  
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The design of the software started by studying different types of image processing algorithms 

for weed detection in the literature review. Of these, a state-of-the-art algorithm called Mask 

Region Convolutional Neural Network (MaskRCNN) was selected for weed detection.  

MaskRCNN provides its output with bounding boxes and masks, which made it the preferred 

algorithm for the proposed system because it shows weed boundaries in the fuzzy environments 

of pastures. The mask outputs were found to be very clear and justifying for evaluation in the 

research.  

For training the MaskRCNN model, a synthetic methodology of producing weed image data 

sets was employed. At this stage, many training scenarios and configurations were examined 

to see how the algorithm successfully detects pastoral weeds. These configurations were 

typically to tune important parameters of the model for better accuracy. The results show the 

achieved results and metrics are compatible with other current models of weed detection.  

The next step towards the system design and development was to investigate how to utilize 

detected outputs for decision making on weed management. After researching several artificial 

intelligence (AI) models, fuzzy inference systems were selected for the decision-making 

component. A fuzzy Mamdani system was designed and developed to process detected weeds 

of a pasture and score it. The detected weeds were the results of the MaskRCNN model. 

Twodimensional weed maps, yield scores, and a potential weed data set were the research 

achievement.  

The last stage of the research studied sharing knowledge of weed management by the proposed 

software. The proposed idea in this stage was to extend the weed system software to a 

collaborative system software for weed management. This stage was sectioned into 

computational components, data set sharing, and weed model federation.  
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1.1- The History of Industry 4.0 : Agricultural Evolution by the Internet of 

Things  

The transfer of value from humans to the cold iron (machines) started centuries ago when 

muscle energy and force were transferred to iron with the creation of the steam engine. Once 

James Watt freed up the muscles of people who sat in rows to provide energy for the cotton 

machines and webbing machines, it started value transfer of humans to machines. Such a value 

transfer never knew that his invention would start a permanent and extensive revolution in 

human history and machine development and evolution.  

Watt’s product escalates machine and human cooperation to the point that many engineers and 

specialists were employed to manage and work out the machines in producing textile and 

cotton. That event led to the first Industrial Revolution in 1770 (Spear 2008). Watt’s steam 

engine was the beginning of an era where manual tasks on farms, land, and down mines would 

not be imagined without machines. Brandstetter (2005) showed several projects that used the 

machines in pumping water, which became a symbol of a technological revolution. The new 

pumping devices changed and shaped ways of gardening, and were named magical characters 

because of their impacts on lands and farms. Many other examples show how scientists used 

iron machine power in textiles, web cotton, and weaving looms, later called Industry one.  

Industry two was the emergence of mass production and factorisation. Mokyr (1999) states that 

the second Industrial Revolution started in 1850 when iron was utilised entirely in many areas 

and massive productions. Scientists expanded the use of the steam engine in transportation, 

such as rail boards, shipping, and roads. Revolutions at roads and sea were noted as the 

significant impacts of Industry two as well. Another attribute of the second Industrial 

Revolution was making things interchangeable. For instance, in a factory, managers divided a 
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complex task into smaller parts—this way, the execution time of a big task could be reduced 

to smaller time intervals.  

Developing the steam engine in other parts such as pumps, sewing machines, bicycles, seed 

drills was another technology movement. The automobile was a great product, which came 

into existence because of this idea (Mokyr 1999). In agriculture, tractors came to the farms in 

1880, which reduced the 20 men working below 6 hours. Mohajan (2019) stated that steam 

power contributed to many products involved in transportation. He also noted that one of the 

industry’s great achievements was through other communication products such as the first 

steamboat, the telephone, and the telegraph. Another one was the first mechanical computer 

invented by Charles Babbage. Communication and computation were the most iconic symbols 

of the next revolution, called Industry 2.0.  

The third Industrial Revolution started in 1969 with the Advanced Research Projects Agency 

Network (ARPANET), which integrated small parts of network switches (as the significant 

attribute of Industry 2.0) into the Internet, as noted by (Brian 2015). The steam engine was 

converted to another newborn engine called the Internet’s digital engine. The railway networks, 

roads, sea canals showed their essential and natural characteristics on the Internet with 

computer network channels. Internet was a significant achievement of Industry 3.0.  

Technology advances in data storage and computation facilitated the opportunity to process a 

huge amount of data on a connected computer called big data (Ommeren, Erik VanBloem et 

al. 2013). Once many computers were connected to the Internet (the Industry 3.0 

achievements), they could collaborate simultaneously and create new services. Connecting 

various sensors to the Internet while equipping the computation and storage power for their 

data processing created the era of the Internet of Things (IoT), the main achievement of 

Industry 4.0. In agriculture, the IoT sensors could attach to different parts and objects in the 
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farm, such as animals, soil, trees, etc. Processing the data produced many services that 

benefited farmers, saving their time, energy, and money in their labour tasks. Industry 4.0 is 

the era of IoT and processing data from everywhere.  

Once vehicles, humans, animals, plants, buildings, environmental values, and many other 

objects connect to the Internet, the introduced data will tremendously increase, and their 

processing will be an enormous challenge. This is called big data. Here, automation and robots 

can play a determining role in supporting people and collaborate with them in doing tasks 

without so much of their interventions. The evolution of robots in helping people is causing the 

birth of Industry 5.0. They can bring values of time by their computation insensitive (real-time) 

and non-sensitive applications, as noted by (Salaken et al., 2019).  

 Özdemir and Hekim (2018) define Industry 5.0 when AI and machine learning (ML) can 

empower robots in big data treatment, deep learning, and processing sensor data. Robots 

engage, collaborate with humans, and process data in three main IoT domains: smart cities, 

agriculture, and healthcare. They learn the context of an IoT domain and bring new innovative 

services. In agriculture, they can process IoT sensors data from any context, learn them, and 

recommend best actions to farmers in doing tasks.  

Inventions of different types of AI and ML algorithms indicate the emergence of robots in 

various fields. In 1943, a paper called “A Logical Calculus of the Ideas Immanent in Nervous 

Activity” was published, which discussed the usage of NNs in logical functions and simulating 

brain calculation. Other researchers continued the study and further developed the brain 

simulation, reaching a point called “deep learning”. In 1951, the first neural network (NN) was 

invented to simulate a calculator with 40 neurons. The NN was developed to do pattern 

recognition. IBM used the first ML-based software tool with statistics for translation tasks on 
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textual data in 1988. The convolutional neural network (CNN) was used for visual recognition 

with an error rate of 16% by 2012.  

Figure 1.1 shows the four types of Industrial Revolutions that transferred values from humans 

to machines. Industry 1.0 and Industry 4.0 are about transferring the muscle and brain functions 

of humans to robots. In the figure, four robots can cooperate on a single task which is the main 

attribute of Industry 3.0 (darker green box). If humans are also involved in the activity, then it 

is Industry 5.0. value transfer from human to machine (lighter green box). It shows the start of 

transfer with Industry 1.0, which transferred the muscle force to robots till the brain activities 

transfer indicated by Industry 5.0.  

  

 

Figure 1. 1 A demonstration of four industries in a pasture  

By reviewing the industry’s evolution and its integration with agriculture, the next IoT 

applications will leverage the idea of consulting robots who can use granular information to 

advise farmers in their decision making. Therefore the innovative gaps in agriculture are where 



7  

  

the robots are not still active, and farmers are still doing many of the tasks manually. Thus, the 

proposed research started on agriprecision (integration of IoT and agriculture) by focusing on 

pasture weed management.  

1.2- Research Statement and Research Questions  

Many agricultural activities and tasks have not evolved over time and still follow traditional 

methods. Realising this fact, the question arises of how new technologies and innovations could 

be employed to advance farming technologies to Industry 4.0. Answering the question requires 

an investigation on agricultural tasks that are still manual and have the potential for automation. 

This research aims to propose a novel software system for weed control and pasture production 

optimisation as one of the tasks.  

One of the most significant problems in pasture production is controlling weeds and 

maximising pasture production. Macé et al. (2007) gave three reasons why weeds should be 

controlled and destroyed over time:  

1- Weeds compete with grass for natural resources (mainly light), leading to grass 

deficiencies;  

2- If weeds are not controlled, then they will harm grass quality because they absorb 

moisture; and  

3- Weeds impede farmers’ operations in manual and machine tasks such as digging out, 

sowing, and harvesting. Having a valuable mechanism for weed monitoring and control 

will help to maximum pasture production.  

Weed management and the related tasks for controlling and destroying them require innovative 

ideas and solutions. One attribute of innovation in agriculture is to reduce manual farming tasks 

and to make them more automated (Foxall 1980). Whether the new solution or system can 

reduce farming work should be investigated before any invention or innovation is 
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implemented. Two key areas of agriculture innovation identified from the literature review are 

biotechnology and info-technology.  

Biotechnology innovations involve the study of chemicals, herbicides, and gene structures of 

weeds. Gressel and Levy (2020) studied the gene structures of weeds and the traits of their 

offspring. Smith et al. (2015) showed the effects of a particular fungus Phoma montage on 

weed growth. Pires et al. (2017) described and analysed six specific herbicides and the impact 

of each on weed life and reproduction. Biotechnology innovation papers focus on the 

biostructure of weeds and herbicides and gene manipulation.  

On the other hand, info-technology and advanced systems towards Industry 4.0 and Industry 

5.0 propose computationally, information technology (IT), and data analysis solutions to 

resolve a problem. The papers in this area use new pastures data by applying innovative 

functions leading to digital services. Papers in the info-technology area show that using data in 

different farming processes leads to better farm management.  

For weed management, there exist two contexts for study: in-crop and in-pasture management. 

The literature review found that most of the studies have focused on in-crop management (Jin 

et al.,2021), (Jogi et al.,2020), (Irias Tejeda and Castro Castro 2019). In addition, having 

observed the 8alifornia8vity between dairy farmers and technology, in-pasture management 

provided an appropriate and useful context for the proposed research. Further thoughts were of 

advancing current farming tasks using supportive technology, helping farmers clean up weeds 

without time-consuming in-person monitoring, thus managing their pastures more efficiently. 

Therefore, the first research question was defined:  

Research question 1: How can a context-aware system learn the studied context (pasture)  

and produce the farmers’ desired output?  
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A software model was thought and considered to answer this research question, which can learn 

from input (pasture), processes it, and shows the results as output. The software should be 

aware of the context (pasture) and any changes to it and be embedded in another system. There 

were also thoughts on selecting the best sensor that can perceive a pasture and provide useful 

data for the proposed context-aware software.  

Determining the potential yield productivity of a pasture requires knowledge about the weeds 

within the pasture. To get this data, the system must be able to discriminate weeds from the 

normal grass in a pasture. The desired output can be any information that provides farmers 

knowledge about the dairy field without requiring them to do an in-person observation. The 

desired output is service-aligned to Industry 4.0, reducing farmers’ labor by using advanced 

technology. Not many of the weed-detection studies identified in the literature went beyond 

detecting weeds. Among more than 30 peer-reviewed papers on weed detection, most of them 

aimed merely to detect weeds and show them on the images; none extended their study to using 

the output of the detection for decision making (Sarvini et al., 2019; Zhang et al., 2018). Also, 

many weed-detection studies lack a technological and systematic discussion for decision 

making after detection (Dankhara et al., 2019; Jin et al., 2021; Zhang et al., 2018), This 

technical gap motivated using the weed output from the MaskRCNN model in a decision 

support system (DSS). The thoughts on the design and development of a DSS based on the 

MaskRCNN model’s output raised the next research question 2:  

Research question 2: How does the context-aware system in research question 1 process the  

output provides decision-making supports on weed monitoring and 

clean-up?  

The philosophy of research question 2 is that adding a research component to the study that 

can process the output of the context-aware software in research question 1 can provide 
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knowledge and practical recommendations for weed management in wider system. If the first 

research question’s input is pasture data, the second research question’s input is the output of 

the first research question.  

In the next stage, the research discusses the ideas on recommending proactive actions for dairy 

farmers who share their experiences with their weed management software. Most of the weed 

data sets in the literature are for weed classification and identification and not for weed cleanup 

recommendations. The motivation of creating a data set for collaboration rather than 

classification raised the next research questions. The next research question is based on 

knowledge about weed management, such as 2-D weed maps, weed data set, and yield score 

that would help dairy farmers. Therefore, the question is how to develop a weed system 

software that would be collaborative for farmers:  

Research question 3: How can the farmers/stakeholders use the system software of research  

question 2 to improve weed management collaboratively?  

The third research question aims to deploy the studied and developed weed management 

system for collaboration with dairy farmers. The identified collaborative ways could improve 

the system by creating a weed data set and federating the weed model. By weed data set, 

farmers can record their weed clean-up activities and use them as proactive tasks. Farmers can 

also share their experience on weed control and contribute to weed control optimisation.  

Federating object-detection models are in their initial stages and most of the works by the 

Google federated team have been conducted on a small range of applications such as text 

prediction and digit classification ( Fung et al., 2018; Stremmel & Singh, 2020). Thus the 

research on a collaborative study of weed management will also contribute to knowledge on 

federated systems. The federated model is an important topic in AI, as it helps any system to 

improve its accuracy and efficiency.  
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The current research on weed detection has an unfair focus on in-crop environments with 

insufficient attention on in-pasture and the high similarity of grass with weed. This has been 

identified as a great gap in the field of agriculture. Besides the mentioned gap,  it has not been 

an investigation into a practical system implementation for using object detection results in a 

decision-making system.  It was also a motivation towards knowledge sharing of the desired 

decision-making system to make people more connected and knowledgeable about their tasks 

in controlling weeds.  

Table 1.1 shows the thinking process of the above-mentioned gaps and the best way of defining 

the research questions to address them. According to the research gap identified in the literature 

review, the thesis chapter(s) have been designed for each research question. The motivation of 

the first research question is to study and understand the data of in-pasture environments and 

the model design and implementation for weed detection in pastures.  

Question 2 addresses the utilization of the model in system software. Once the end goal of the 

current literature on weed detection is to demonstrate the output results of detected weeds, the 

second research question is to depict how the results could be used in a software system, which 

could be used in decision making for dairy farmers.  

Once questions 1 and 2 lead to a standalone software system for decision-making on weed 

management, the third research question addresses how the system could be developed in a 

distributed environment, which is highly felt for collaborative work among dairy farmers.     
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Table 1.1: The research questions and research gaps  

Research question  Existing gap  Chapter  References  

Research question 1  In-pasture weed 

monitoring  

3  Irias  Tejeda  and  Castro  

Castro (2019)  

Jin et al. (2021)  

Jogi et al. (2020)  

Research question 2  Software System for weed 

management and decision 

making  

4  Dankhara et al. (2019)  

Jin et al. (2021)  

Sarvini et al. (2019)  

Yu et al. (2019)  

Zhang et al. (2018)  

Research question 3  A collaborative system for 

weed management  

5  Fung et al. (2018)  

Stremmel and Singh (2020)   

  

1.3- Research Contribution  

The proposed weed software system contributes to the technical software and agricultural 

systems fields. The weed-detection model is an independent component that can be embedded 

and used in any pasture monitoring and observation system. The applied methodology in the 

third chapter can be used for any plant or weed. The research focuses on the California thistle 

data set for the weed monitoring model but, considering our model’s flexibility, it can be 

adapted for any plant or weed.  

The software’s ability to produce 2-D maps is another contribution of the research. The maps 

can provide farmers with better insights into their pasture quality, thus enhancing a farmer’s 

ability to make decisions about weed management automatically and decreasing manual tasks.  

The model proposes using a weed data set to record weed growth, weed resistance, and 

reactive/proactive weed actions on the pastures. Using a weed data set, dairy farmers will 
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become more aware of the quality of their pastures and the extent of their weed management 

tasks.  

The last research stage is concerned with sharing the proposed weed management system 

among dairy farmers in the data set and model. This way, dairy farmers are able to learn from 

successful records and use them in their pasture management accordingly. Thus, the last 

contribution is to increase farmers’ knowledge by sharing a weed management system.  

Table 1.2 presents the four research objectives, and how each contributes to the existing body 

of knowledge. The first objective has the contribution of producing technical software for weed 

monitoring. The second objective is for producing desired pastoral maps and densities that can 

enhance weed management among dairy farmers. The last objective is on sharing knowledge 

among farmers for enhancing the communication in better pastoral actions. Once they have 

local decision making in pasture maintenance, sharing knowledge and weed data set can be of 

great value in sharing weed management experiences.  

Table 1.2: The research contributions  

No.  Research objective  Contribution  

1  Software system  1- Design of a weed-detection model for pasture monitoring  

2- Implementation of a weed-detection model  

2  Outputs from a DSS   1- Producing 2-D weed density maps for pastures  

2- Producing 2-D bare patch maps  

3- Scoring a yield   

3  Actions of DSS   1- Recommending prohibitive actions for weed management  

4  Weed collaboration 

study  

1- Weed sharing knowledge  

2- Proposing a weed data set for sharing knowledge of dairy 

farmers  

3- Weed model federation for enhanced weed detection  
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1.4- Thesis Structure  

“Weeds are flowers too, once you get to know them”  

(A. A. Milne)  

4. A. Milne’s quote illustrates how knowledge of a harmful phenomenon can reduce its 

negative impact and create a benefit. Once it is realised that the problem of weeds is 

severe, it triggers the realisation that weeds are a fundamental challenge in New Zealand 

agriculture. Apart from limiting the ryegrass growth, they impose problems on other 

sectors, such as the uncontrolled introduction of sprays into the water system.  

The research for this PhD began with research into similar studies on pasture clean-up and 

technologies in weed management. Growing out of an overarching goal to research weed 

monitoring and management, the research goal narrowed down to designing a system that can 

minimise the harm of weeds by adding knowledge to current weed management practices. 

Through a literature review and a survey of New Zealand dairy farmers about their current 

weed management practices, it was realised that there is a lack of systemic knowledge about 

weed management in the sector. Indeed, it was concluded that most dairy farmers in New 

Zealand rely on “experience” and in-pasture labour-intensive tasks rather than a digital 

systematic system for weed control and pasture management.  

Having identified a research need, the stages in developing a digital systematic system had to 

be decided. The first stage would be developing a weed-detection model, which could then be 

developed into a weed software system. It was thought that the research sequence could be 

complemented by studying how to collaborate weed clean-up knowledge among dairy farmers.  

The research began with a survey of New Zealand dairy farmers. The aim of the survey was 

two-fold: (1) to discover the farmers’ knowledge of and current practices relating to weed 

management, and (2) to identify their needs. The survey asked about the tasks of weed 

management and dairy farmers’ expectations on a software solution. The survey answers 
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revealed a knowledge gap in weed management among dairy farmers in New Zealand. Having 

identified the gap, the researchers were clearer about the farmers’ needs and hence the direction 

of the research: to develop a weed-detection software system that could be used to improve 

current weed management practices on farms.  

Chapter Two presents the analysis of the initial survey of dairy farmers. The farmers’ 

knowledge of weed management was categorised into five dimensions: timing, cost, tools, data 

and software. The researchers referred back to the results of this initial survey many times as 

they designed and developed the weed management software system, as they believed that it 

was important to develop a solution for weed management that was both practical and met the 

needs identified by the farmers themselves.  

The weed-detection model was designed and initiated with a focus on California thistle, the 

most common weed in New Zealand pastures. After taking the first picture of the California 

thistle, several meetings were organised with image processing experts to ask their advice on 

the possibility and success of detecting California thistle with an object-detection model. The 

feedback was encouraging, and there was a general consensus that an object-detection model 

could be designed to detect California thistle. Chapter Three describes the design and 

development of the weed-detection model. It includes details about the creation of the thistle 

data set and the steps taken to improve the accuracy of the model. The weed-detection model 

is the core software component of the weed management system in the study, and the results 

of this phase of the research empowered the software system with highly accurate detection of 

thistle weeds in a pasture.  

The inputs and outputs for the next phase of the research were detections and masks, 

respectively. The goal at this phase was to develop practical outputs that would meet the 

farmers’ needs and add value to their decision making. Chapter Four presents the thinking 
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behind how to produce the knowledge and output desired by farmers; outputs such as 2-D maps 

of weed density, pasture yield scores and weed data sets. The chapter contributes to a digital 

decision-making software system that aims to reduce manual observation and interference.  

Chapter Five shows how the results from the research can be used to share weed knowledge 

among farmers and how the farmers can use this knowledge to improve decision making about 

pasture management and weed control.  

Fig. 1.2 shows how the different phases of the research (as presented in the different chapters) 

are interrelated and support each other. The initial knowledge will be provided by a literature 

review on weed detection and our survey data. The knowledge on weed detection model and 

survey analysis supports the design and development of the weed detection model. The weed 

detection model is the core component of the research. Chapter Three addresses the design and 

development of the weed detection model. It also studies the enhancement of the weed 

detection model by hyperparameter tuning.   

The model developed in Chapter Three produced output and weed masks on the images which, 

in turn, became the essential input for the weed management software system studied in 

Chapter Four. The produced output includes detected weeds and their coordinations on a 

pasture.  Chapter Four addresses the design and development of a weed detection software 

system, which has the weed detection model as one of the main components.   

As farmers expressed their desire to share this knowledge more widely, the research looked 

into the development of a collaborative weed-detection software system (the green box at the 

bottom of Fig. 1.2). Such a development would help dairy farmers to automate their weed 

detection and management and share their knowledge to improve efficiencies on the farm. The 

collaborative software system for weed management is the key achievement of this research.  
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Figure 1. 2 The thesis structure and the intercorrelation between chapters  
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CHAPTER 2: CURRENT SITUATION OF WEED 

MANAGEMENT IN NEW ZEALAND 

2.1- Introduction  

Pastures are the main resource of the cattle and milk industry in New Zealand, yet there are 

currently no standardised approaches to their maintenance and the clean-up of weeds. Any 

solution for weed management should be supported by the facts and knowledge of dairy 

farmers’ experiences in their pastures. This chapter presents a survey that was undertaken with 

some New Zealand dairy farmers. Analysis of the survey answers gave useful insights into 

current practices on New Zealand dairy farms, which helped in the design and development of 

the weed management software.  

The survey comprised 30 questions covering five categories relating to weed management, 

weed timing, cost, weed data, weed prediction and software design. An Excel chart, with its 

numeric processing functions, was used as the primary tool to analyse the answers of the 60 

dairy farmers from across New Zealand who reponsded to the survey data. Natural Language 

Processing (NLP) from the Python package was also used to give greater insight into the survey 

data.  

NLP is not yet commonly used by researchers as a tool for weed management data analysis.. 

Hashim et al. (2019) designed a questionnaire asking three hundred farmers in Pakistan about 

their crop history and weed species. The researchers also asked the farmers about any 

difficulties they have with grass pastures. The researchers had no model for data analysis – the 

longitudinal and latitudinal points were the only information they gained from the respondents’ 

answers.  

Tibugari et al. (2020) show a survey study to determine the impact of weeds on sorghum, the 

typical grass in Zimbabwe. They used a statistical analysis by IBM SPSS on responses from 
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80 farmers, and the farmers’ answers reveal the most common weeds infesting sorghum. Fruet 

et al. (2020) report on survey study on the patterns of weed management in rice fields in Brazil. 

One hundred farming consultants were interviewed, and descriptive statistics methods used to 

analyse their answers. Ulguim et al. (2021) also surveyed management practices of rice fields 

in Brazil. Their survey asked 103 consultants about weed management, and they used a scaling 

method and word clouds to analyse the survey data. Harries et al. (2020) discuss a survey study 

that was conducted in Western Australia to understand weed populations, herbicides resistance 

and weed management. One hundred and eighty-four farmers responded to this survey, and 

statistical analysis with R programming language was used to process the survey data.  

 Frisvold et al. (2020) report on a survey study on weed management and crop production in 

fields in the United States of America (USA). The survey gathered data about 11 weed 

management practices to compare the weed practices employed by field owners with those 

employed by farmers who rented fields. The survey is a hypothetical study about the adoption 

of resistance management practices.  

Imoloame et al. (2021) report on a survey on integrated weed management in Nigeria. Four 

hundred and eighty respondents were surveyed, and a multi-stage analysis and descriptive 

statistics were employed to analyse the survey data.  

Table 2.1 summarises the key findings of the papers on weed management surveys studied in 

the literature review. Statistical analysis and descriptive statistics were the common models 

used to analyse weed surveys among the papers. One study used a word cloud model. The 

research presented in this thesis, therefore, is innovative because, unlike the studies in the 

literature review, this research uses NLP to analyse the survey data.  
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Table 2.1: Key findings of peer-reviewed survey studies  

No  Paper  Model  Survey objective (s)  Farming  

location  

1  Hashim et al.  

(2019)  

No model  To identify common weeds   Pakistan  

2  Tibugari et al.  

(2020)  

IBM SPSS  1- To identify major weeds   

2- To identify weed 

management methods  

3-To identify and suggest best 

solutions  

Zimbabwe  

3  Fruet et al. (2020)  Descriptive 

statistics  

1-Resistance management  

2-Weed patterns  

3-Herbicide guidelines  

Brazil  

4  Harries et al. 2020)  Statistical 

analysis & R 

programming  

1-Weed population  

2-Herbicide resistance 3-

Weed management techniques  

Western  

Australia  

5  Frisvold et al.  

(2020)  

Statistical 

significant 

analysis  

Studied hypothesis: “Adoption 

of resistance management 

practices is lower on rented 

acres.”  

USA  

6  Imoloame et al.  

(2021)  

Descriptive 

statistics  

1-Understanding the 

demographic of farmers 2-

Methods for weed control 3-

Having a grasp of hand versus 

herbicide methods for weed 

control  

Nigeria  

7  Ulguim et al.  

(2021)  

Word cloud 

analysis  

1-Knowledge of weed 

management practice  

2-Consequences of herbicides 

with rice lands  

Brazil  

  

The rest of Chapter 2 is structured as follows: section 2.2 is a more comprehensive discussion 

of the literature review of studies about weed management practices, and section 2.3 describes 

the methodology used in the survey in this thesis research, including information about the 
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experiments using NLP and Excel models used to analyse the survey data. Section 2.4 is the 

chapter summary.  

2.2- Literature Review  

The literature review focused on papers that included information about knowledge extraction 

by NLP, a software tool designed for text analysis. NLP is suitable for preprocessing any 

system with unstructured or semi-structured text data. Data processing by humans is prone to 

bias, particularly in a big data environment, so a text processing tool such as NLP can help 

create a more accurate data analysis.  

NLP was used to parse the text of the papers being reviewed for both questions and answers. 

To see if any additional insights could be gained, the texts were analysed again, but this time 

manually (that is, without any software assistance) and with simple tools such as Excel. The 

literature review revealed that NLP can be used either supervised or unsupervised. A 

supervised approach requires the training survey data to be labelled and so is time-consuming. 

An unsupervised approach, however, the NLP with no labelling on the data.  

The literature review revealed that NLP has been used in various applications and on a range 

of studies with textual data, although none of the studies was related to weed management.  

Crowston et al. (2012) shows how an NLP model can be used to process different segments 

(morphological, lexical and semantic) of a language. By considering each of the segments, 

NLP can provide different services, such as text summarisation, machine translation, 

information search and question answering.  

The research presented in this thesis is a conceptual study of using NLP in processing survey 

data and qualitative text. The NLP model processes text to automate qualitative data processing 
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and find a concept of interest. The output of NLP is text annotations. NLP is cost effective and 

very time efficient.  

Cammel et al. (2020) show how to use NLP to convert textual patient experiences into topics. 

Without using a machine for text processing, the patient text analysis would be prone to human 

error. The NLP tool conducted two tasks in Cammel et al.’s (2020)study:  

1- Converted unstructured data into structured data in a supervised approach; and  

2- Choose a good topic for categorising the patients.  

Cambria and White (2014) is another conceptual study, this time reviewing text processing 

models and the evolution of NLP-based methods in processing web content. Cambria and 

White (2014) show how NLP has been used in processing texts and how it provides knowledge 

from a text by removing text debris. The paper discusses how to use NLP to extract concepts 

and mimic human text processing.  

Bajwa et al. (2009) show how NLP can be used in extracting essential information from a text 

to help software developers design, implement and code in a better and more efficient way.  

The NLP model in Bajwa et al.’s (2009) paper helps software developers by:  

1- reading the business text and organisational information  

2- extracting the main topics, and  

3- recommending object classes for an object-oriented language (OOL).  

Bajwa et al.’s (2009) paper shows how NLP eases the preprocessing stage of a software design 

by automating text parsing. Without using NLP, a human might easily spend 100 hours or more 

reading the business texts and rules.  
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Heiden et al. (2006) integrated NLP with multivariate analysis to extract knowledge from 

annotated text and help in documentation. The model extracts features of text and helps in 

defining types and topics.  

Table 2.2 summarises the literature review on the state-of-the-art papers on NLP models used 

for various text processing and text analyses. The papers have used models in different domains 

such as healthcare, programming languages and the web environment.  

Table 2.2: Peer-reviewed papers on NLP applications  

No  Paper  Application  Approach  Contribution/Service  

1  Cammel et al.  

(2020)  

Healthcare  Supervised  Providing structured data from 

patients unstructured data  

2  Heiden et al.  

(2006)  

General text  Supervised  Textual feature extraction  

3  Bajwa et al. (2009)  Software 

development  

Unsupervised  Determining object classes for 

an OOL programming language  

4  Cambria and White  

(2014)  

Web  

inference   

Unsupervised  Knowledge extraction  

Based on the findings of the literature review, it was decided to use NLP to analyse the survey 

data in this research as the papers reviewed above suggested that insights would be gained with 

NLP that would not be found with Excel or other simple data analysis. As well as data content, 

it was hope that NLP would identify the surveyed farmers’ requirements and expectations of a 

weed management software, which would give direction to the development of the proposed 

weed management tool.  

2.3- Methodology  

2.3.1- Primary analysis  

This section presents the primary analysis of the survey data. The goal was to use Excel to 

extract simple but fundamental insights from data that would help the researchers to better 
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understand current weed management practices in New Zealand. The survey included dairy 

farmers who follow best-practice principles as well as those who struggle with weed problems.  

Every dairy farmer is, to some extent, affected by weeds in their pasture. According to DairyNZ 

and LIC (2020), there are 4415 dairy farm owners in the North Island, and 6268 in the South 

Island, giving a total of 10,683 dairy farm owners throughout New Zealand.  

With a population of 10,683 dairy farm owners and if 60 farmers responded to the survey, then 

the survey results would have a 12.83% margin of error with a 95% confidence interval.  

Increasing the number of respondents to 371 farmers significantly reduces the margin of error – 

down to 5%. However, only 60 farmers responded so the study has to accept that the margin of 

error is 7.83% higher than the ideal.  

Fig 2.1 gives the distribution of dairy farms in New Zealand. The left-hand image is a snapshot 

of dairy farms by region, while the green dots in the right-hand image represent actual farms.  

The middle image in Fig 2.1 shows the distribution of the survey respondents.  

  

Figure 2.1: Distribution of the survey respondents  

According to the survey, most dairy farmers spray their pastures four times a year and spend 

10 hours, at most, for each hectare. They predict weed growth and schedule their activities 
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based on their personal experience, but very few use prediction in their planning. The farmers 

surveyed said their two key methods of weed control are spraying and or mowing. Typically, 

it takes less than a month for a herbicide to be effective. According to the survey, many farmers 

do not know the best chemicals for particular weeds and need advice about buying sprays. The 

survey revealed that dairy farmers use two to five different types of sprays for killing weeds in 

their pastures. Only twenty per cent of the farmers in the survey know the effect of particular 

sprays on a specific weed, based on their experience, and less than 10% know the weed 

resistance to a particular spray. The survey results suggest that dairy farmers in New Zealand 

use random spraying at specific times with no idea which spray works best for a particular 

weed.  

Fig. 2.2 shows the common weeds in New Zealand that farmers are tasked with cleaning up.  

The surveyed farmers noted more than 36 types of weeds, with the highest count being  

California thistle, followed by gorse and blackberry. Based on this information, it was decided 

to create a data set for California thistle, which is the main weed studied in the thesis.  

  

Figure 2.2: Common weeds in New Zealand, as identified by the surveyed farmers  

The farmers overwhelming said that they prefer to detect weeds when they are small; see Fig. 

2.3 Indeed, more than 70% of the respondents indicated that detecting smaller weeds is much 
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more valuable than detecting a medium or large weed. This information was very useful and 

meant that the data set should focus on images of smaller weed.  

 

Figure 2.3: Desired weed size for detection  

Any weed management programme needs to consider the environmental factors that influence 

weed growth and invasion. The farmers identified seasonal change, wind and temperature as 

the most influential factors; see Fig. 2.4. This finding suggested that the value of the proposed 

data set for weed management would be enhanced if additional data were collected on these 

three key environmental factors. (A more detailed discussion of the analysis and collaboration 

of the data set can be found in Chapter Five.)  

 

 

 

 

 
 

Figure 2.4: Environmental factors that influence weed growth  

0
5

10
15
20
25
30
35
40

  

0 

10 

20 

30 

40 

50 

60 

70 

80 

Big Medium Small 

Weed size 



27  

  

The survey included questions about the knowledge or data the farmers use in their weed 

management. Analysis of the survey data revealed that around 32% of farmers understand the 

extent of weed harm on their farms, 25% know about weed resistance to herbicides, and only 

30% know about weed resistance to herbicides their tasks on weed management. The farmers’ 

answers indicated that many have minimal knowledge of pasture management. Furthermore, 

the farmers who gave specific answers knew only about dates when they had done weed  

control.  

Fig 2.5 summarises the type of data that farmers would like from a weed management software 

system. Most farmers said they believe 2-D maps, figures and pictures of their pasture could 

support weed management. More than 80% of those surveyed indicated that a map would the 

best output of a weed management software system. Other data types such as pictures were 

also included in the farmers’ responses to the survey.  

 

Figure 2.5 The farmer’ desired data output of a weed management software  
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Forty per cent of the surveyed farmers said they record dates of weed control actions and 15% 

said they record images. However, most of the farmers do not record any information at all 

about their weed management schedule. A few farmers noted that recording weekly pasture 

statistics can help very much in weed management. Iterative monitoring and recording of 

pasture data is covered in more detail in Chapter Five of this thesis.  

The farmers noted that weeds invade “bare spots” in a pasture. This information meant 

assessing pasture quality by detecting bareness needed to be considered in the proposed 

framework; hence the data set was designed to include bareness detection (see Chapter Five). 

When farmers monitor bare spots, they can seed more to increase pasture, with the sown grass 

competing against weeds and reducing the risk of further weed invasion into a pasture.  

Fig. 2.6 shows the range of costs of weed management on New Zealand dairy farms. Most of 

the surveyed farmers estimated that weeds cost their business between $10 and $100 per 

hectare every year before clean-up costs are included.  

 

Figure 2.6 The cost of weed management  

More than 50% of the surveyed farmers indicated that they would expect weed identification 

and detection to be fundamental features of the proposed weed management software. Farmers 
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like images and spectral reports about their pastures. They also want a software tool that can 

recommend the best spray for a specific weed, and that could assure them about the best time 

to spray. The farmers also indicated that they wanted prediction data for weed management; 

that is, a software tool that would predict when was the most cost-effective time to spray. The 

researcher has endeavoured to apply all the farmers’ desire into the weed software system.  

The survey included questions about farmers’ manual weed management tasks, and analysis of 

the farmers’ responses revealed that none of the surveyed farmers currently use automatic tools 

for weed management. This finding highlighted a technical gap that the proposed software 

system could improve.  

2.3.2- Advanced analysis by NLP on the survey data  

It was decided to use NLP to analyse part of the survey data; in particular, the answers to 

questions 29 and 30 of the survey, which were textual responses. NLP was used to:  

1- parse the text, and  

2- analyse the topics.  

Parsing a text is like a human reading the response. Three different analyses were carried out, 

on the following input texts:  

1- the body set of 30 survey questions  

2- answers to question 29, and 3- answers to question 30.  

The 30 questions were analysed to see how a machine would classify the set of questions. An 

elbow algorithm was used to find the best number of clusters for the questions. The algorithm 

identified four clusters as being the optimum number for grouping the 30 survey questions.  

Each cluster and its topic was then analysed, using most of the keywords.  

Figure 2.7 shows the preprocessing stages of the NLP analysis. After the textual parts of the 

survey data were selected, a word segmentation was applied to separate the words for 

individual processing. The next step was to remove prepositions and “stop words” such as 
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comma and semicolon, which play no role in topic analysis. The third stage is called 

lemmatisation, which is the word clean-up of post- and prefixes. The last stage is feature 

extraction.  

  

Figure 2.7 The preprocessing stages of texts in the NLP analysis  

Table 2.3 shows the four clusters of the survey questions. Larger words indicate a higher 

frequency of words in the questions, while smaller words indicate a lower frequency (and so 

these words can be inferred as being less important.). The second column shows the questions 

belonging to each cluster. The third column shows the word frequency of each topic, and the 

last column is the topic of each cluster.  

Table 2.3 also shows the word cloud and the questions that are in a particular cluster. For 

instance, the last cluster contains the words “growth”, “insight” and “population”. A topic that 

can cover these words is “prediction”, and so “weed prediction” was chosen as the label for 

this set of words.  

After NLP analysis of the body set of 30 survey questions was completed, NLP was also 

applied to analyse the farmers’ responses to questions 29 and 30. The clustering analysis 

revealed two topics for question 29 and three topics for question 30. Each topic shows the ten 

most frequent words in the farmers’ responses to the particular survey question.  

 

 

 



31  

  

Table 2.3: Word cloud and topic analysis of the 30 survey questions  

No.  Word representation of each 

cluster  

Questions  Keywords  Topic  

1  

  

1, 2, 9,  

10, 12,  

13, 15  

how, spray, 

pasture, 

hectare, cost  

Pasture 

management   

2  

  

4, 5, 7,  

11, 14,  

18, 20,  

21, 23  

clean-up, 

task, wish, do, 

management,  

life time  

Weed management 

through weed 

characteristic  

3  

  

3, 6, 8, 16  

17, 19,  

22, 25,  

26, 27, 28   

which, 

knowledge, 

data, small, 

prediction, 

information  

Weed knowledge  

4  

  

24, 29, 30   herbicide, 

growth, 

insight, 

specific, area, 

population  

Weed prediction   

The NLP analysis of the answers to question 29 identified two topics (see Fig. 2.8), and the 

high frequency of the words “identity”, “identification”, “software”, “control” and “type” in 

the farmers’ answers. The words show that farmers expect a software tool to be able to identify 
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weeds and their types from images and control them in their pastures. Interestingly, the spectral 

detection and image recognition derived from the first category of a topic in question 29 is 

related to the 83% of farmers who wanted map support (responded to question 24). Because 

the weed management software has the function of a digital pasture map, spectral detection and 

image recognition can both be used in the application.  

word First topic Second topic word 

weed                                         weed 

control                                         control 

chemicals                                         know 

spray                                         chemicals  

time                                         good 

software                                          method 

type                                         different  

identification                                         best 

identify                                         infection 

year                                         management 

Figure 2.8 Word count of two topics for question 29  

The second topic shows the farmers’ concern about sprays and herbicides. Words such as 

“infection”, “chemicals”, “know” and “control” indicate that dairy farmers want a software 

package that can teach them about weed infection and sprays. As noted earlier in this chapter, 

analysis of the survey responses revealed that nearly 70% of the farmers did not have a clear 

understanding of weed resistance to specific herbicides. Therefore, a weed management 

software that can share more detailed knowledge about specific herbicides would help to reduce 

the need for mechanical weeding on farms. Comparing the two topics identified from the NLP 

analysis of the answers to question 29 reveals that dairy farmers have two key desires of a weed 

management software:  



33  

  

1- to help them to identify types and quantities of weeds in their pastures 2- 

to help them with spraying and weed infection.  

Fig. 2.9 shows the NLP analysis of the answers to question 30. This question explored the idea 

of having a sophisticated robot on the farm to help with weed control. Specifically, the question 

asked the farmers whether there was any desire for such a robot, and if so, how they would 

expect the robot to perform weed control tasks. NLP was used to analyse the farmers’ answers, 

looking for high-frequency words that would define a topic for tasks a robot should do.     

word First topic Second topic word 

spray                                         weed 

weed                                         spray 

spot                                         identify 

identify                                         seed 

area                                         control 

target                                          target 

control                                         time  

individual                                         get  

kill                                         go 

work                                         ride 

 Third topic            

weed                                

hill                                

clear                                

spray                                

go                                 

remove                                

manually                                

walk                                

spray                                

find                                

             

Figure 2.9 Word count of three topics for question 30  

Category one is mainly based on the words “spray”, “spot”, “identify”, “kill” and “work”, a 

theme that indicates that the farmers expect a robot would be able to work in their pastures 

spotting and killing weeds. This expectation is because, currently, weed destroying is mainly 
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carried out with herbicides; therefore, if there were robots that can spray herbicides, weeding 

work would be greatly reduced for farmers.  

The second category is mainly based on the words “identify”, “seed”, “target”, “get”, “go” and 

“ride”. These words indicate that many farmers would expect a robot to be able to reognise 

weeds. The motion verbs such as “get”, “go” and “ride” also indicate that a kinetic robot is 

desired to spot the weeds and destroy them. The answers to questions 29 and 30 highlight the 

farmers’ desire to reduce manual tasks associated with weed management. The robotic weed 

identification in question 30 and the image recognition in question 29 indicate that farmers 

would look a more automated weed management system available to them.  

Analysis of the key word revealed that some farmers expect robots should be able to climb and 

approach risky areas for weed clean-up. Not all pastures or land are even and easy to work on, 

so this expectation is not unrealistic. Some farmers hoped that a robot would be able to spot 

and spray weeds over many hectares of rocky undulating terrain or along riverbanks – working 

environments that are hard to walk on or monitor. Therefore, if a sophisticated robot or software 

application could provide farmers with the capabilities mentioned above, or even just safety 

alerts, it would be of great value.  

Table 2.4 depicts the objectives of the survey questions, the results of which were addressed in 

the design and development of the weed management software system. The survey results 

identified California thistle as the most problematic weed on New Zealand dairy farm, which 

is why this particular weed became the main focus of the research. Understanding that detecting 

empty spots and bare patches in pastures is important in weed management, the data set was 

designed to include information about bare patches (see Chapter Four). Rows 7-9 of Table 2.4 

show the insights into weed control practices and desires identified by the answers to questions  
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29 and 30. Once the dairy farmers had identified decision making and weed identification as 

desired functions of a weed management software system, the proposed software system was 

designed to deliver that functionality (as discussed in Chapters Four and Five).  

Thus, the expectations and desires identified from the survey of dairy farmers were used as 

criteria for the design, development and extension of the weed management software.  

Table 2.4: The objective of dairy farmers desired and the addressed chapters  

No.  Question  An expectation/desire identified by the survey  Addressed in:   

1  19  California thistle as the main studied weed  Chapters Four 

and Five  

2  21  Date as important data for recording weed 

management  

Chapter Six  

3  22  Environmental factors   Chapter Six  

4  24  Pastoral maps as desired data  Chapter Five  

5  26  Smaller weeds  Chapter Four  

6  28  Bare patches  Chapter Five  

7  29  Weed identification   Chapter Four  

8  29  Decision making on weed management   Chapter Five  

9  30   Schedules for weed actions   Chapter Five  

2.4- Chapter Summary  

This chapter discussed the analysis and inference of the survey data for weed management. 

Two software tools were employed to process the survey data: Excel and NLP. Excel showed 

some primary results such as common weeds, the spent budget on the pastures, and weed data. 

on another hand, with the NLP the desire and intentions of dairy farmers was determined. NLP 

revealed the technical and functional expectations of a weed management software by dairy 

farmers. The next chapter depicts the design, development and experimentations of the 

weeddetection model.  
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CHAPTER 3: OBJECT DETECTION AS THE CONTEXT-AWARE 

SYSTEM FOR WEED DETECTION AND PASTURE 

MANAGEMENT  

This chapter will address the first research question of the study:  

How can a context-aware system learn the study context (pasture) and produce the 

farmers’ desired output?  

3.1- Introduction  

Once new sensor data and objects can connect to the Internet, innovative IoT applications 

emerge as well. By connecting cameras as an IoT sensor to the Internet, the ability to study and 

process images is greatly enhanced. IoT applications exist in three domains: healthcare, smart 

city and industry (agriculture). Input image data requires high bandwidth, and many challenges 

might arise because of high volume, information complexity, data processing and training of 

image data. Therefore, analysing the metrics of image data such as latency and accuracy is a 

requirement before the potential of using cameras and the IoT can be fully realised.  

The integration of IoT and agriculture is called smart agriculture or agriprecision. Some 

examples of agriprecision are soil monitoring, animal behaviour and crop health. Images and 

image processing can provide automatic services and monitoring of fields and animals on 

farms. Various automatic detection and field monitoring apps are producing new digital 

services for farmers and agricultural systems. Applications to detect objects fall into two 

categories: in-pasture object detection and in-crop object detection. In-pasture object-detection 

IoT applications mostly deal with detections in pastures for supporting grass/ryegrass growth, 

whereas in-crop object detection is used in croplands for enhancing the growth of fruits, 

vegetables and seeds.  
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Fig. 3.1 shows an example of in-crop (left) and in-pasture (right) fields illustrating the different 

colour and light contrasts in the two environments. The left-hand image shows a high colour 

and light contrast between the crops and their surrounding area, meaning the object-detection 

process is relatively straightforward. In contrast, the similarity of colour, shape and pattern 

between the weeds and the surrounding pasture in the right-hand image shows how object 

detection can be much more complicated in in-pasture environments. For instance, the weed in 

the centre of the pasture is very hard to detect – even for the human eye.  

  

Figure 3.1: Examples of in-crop (left) and in-pasture (right) fields illustrating the different 

colour and light contrasts in the two environments.   

Weed control is a challenge that all dairy farmers face. Weeds grow in pastures and harm farms 

in several ways: they use up the farming resources such as sunlight, water and fertiliser; they 

take up pasture space that other profitable plants could use, and animals do not generally 

consume them. Weeds need to be controlled and removed from paddocks to maximise grazing 

lands.  

A brief overview of the relevant literature revealed that different authors estimate different 

economic costs of the impacts of weeds on New Zealand pastures. (Saunders et al.,2017) 

estimated the cost of weeds to the country at $1658 million nationally in 2015 and notes the 

impacts of weeds in agriculture. The paper shows the distribution of different weeds in 

percentages and a statistical study of actions conducted by farmers undertaking weed control 
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and management. The paper, and other similar studies that depict the statistical impacts of 

different types of weeds, justify which weed data sets should be created for object-detection 

and environmental analysis.  

This thesis introduces and proposes an innovative software system for monitoring, classifying 

and controlling weeds. California thistle was selected as the main weed for the study because 

it is very common in New Zealand pastures. Catsear and dock are two other weeds commonly 

found in New Zealand pastures, and so these two weeds were also included in the study, to test 

the algorithm’s performance.  

California thistle is one of the most important and harmful weeds in New Zealand pastures. It 

grows and reproduces very quickly. It is resistant to many herbicides and is, therefore, hard to 

control and destroy. Besides, its shapes and leaves change over time from its juvenile form to 

a mature plant. Upon reaching maturity, it creates large patches with broad leaves and branches 

and distributes seeds. California thistle also has a very strong rooting network, making it 

resistant to chemical and mechanical controls. Fig. 3.2 shows an image of a young California  

thistle.  
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Figure 3.2: California thistle, the main weed studied in this research  

Catsear is another type of weed, although it is not as harmful as California thistle. Animals eat 

catsear, but it still needs to be controlled because it grows fast and occupies space where more 

nutritional grass might grow. Catsear can grow in low-nutrient soil conditions. It is also 

resistant to many herbicides and has a strong root system similar to that of California thistle.  

Fig.3.3 shows a single catsear weed.  
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Figure 3.3: Catsear  

Dock is the third weed in the study. Dock is easily identified by its long and broad leaves. As 

dock matures and its leaves become larger, it occupies grass space. Sheep eat dock, but cows 

do not. It should be controlled by farmers because it constrains grass and ryegrass space and 

pasture growth on dairy farms. Fig. 3.4 is a picture of dock.  

  

Figure 3.4: Dock  
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Of the three weeds, California thistle changes the most from its juvenile to adult form. Its leaves 

vary in structure and pattern, which makes it hard for an object-detection algorithm. Other 

weeds have more stable shapes over their life course. Catsear has a flatter leave structure and 

more leaves than dock, which has fewer but larger spiky leaves. The three weeds studied have 

different leaf patterns, stem structure and plant borders, making their visual attributes and 

characteristics distinguishable from each other. Therefore, the set of weeds selected for this 

study is appropriate for examining object-detection algorithms and their performance.  

State-of-the-art object-detection algorithms were reviewed and these are discussed along with 

some works on plant detection in section 3.2. The research methodology is discussed in section 

3.3. In section 3.4, the experiments on images and the training behaviour of object-detection 

algorithms are presented. Section 3.5 shows the possible extension of the weed-detection 

software into a software system, and the last section of this chapter is the chapter summary.  

3.2- Related Work  

Several studies were reviewed that relate to IoT sensor layers and network architecture. These 

studies showed how processing different sensor data from a farming environment can lead to 

a particular IoT application and specific farming automation.  

Nobrega et al., (2018) describe how animals can be tracked by attaching a sensor to their necks 

The IoT application can then receive the tracking data, process them and notify the farmer if 

an animal is out of range or far away from a defined farming area.  

Mohanraj et al. (2016) present a system for crop field monitoring and control. They also 

propose a network architecture to receive data from field sensors, process and analyse the data, 

and feed information back to the farmer. The system aims to control and monitor fields and 

crops to help the farmer in crop-related decision-making.  
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In another study, Shahzadi et al. (2016) studied crop fields and yield maximisation. For this 

purpose, a three-layer network architecture was designed in IoT, fog and cloud. The sensor 

collects data from crops and tries to detect pests and diseases. The farmer can then use the 

acquired knowledge for deciding proactive actions.  

Motivated to save water and optimise irrigation, Susilawati (2012) proposed another IoT 

application. The author designed an expert system with a decision support system (DSS) to 

monitor water supply and decide irrigation activity. The DSS senses water levels in different 

irrigation areas (land and farming locations) to understand the water levels. Using the water 

knowledge, the system can optimise water usage and predict the water levels in cultivated 

lands.  

Wolfert et al. (2017) note why big data has become an important research topic for farming. 

The authors note the benefits of big data analysis in a range of contexts: predictive modelling, 

managing risks in farmlands, improving and boosting live stocks, real-time forecasting, and 

reinventing business processes.  

Lavanya et al. (2019) illustrated a system for sensing soil nutrients for soil data analysis and 

soil quality maintenance. The authors studied the sensor data in three different contexts: red 

soil, mountain soil and desert soil. A fuzzy system was proposed for analysing the soil data and 

recommending the number of fertilisers during cultivation.  

Object-detection has been employed to monitor and control weeds for maximising yield 

production in both crops and grazing lands. Zhang et al. (2018) described the detection of 

weeds in farming lands and categorised it as either in-crop weed detection and in-pasture weed 

detection. The paper rationalises that in-pasture weed detection is harder because weeds and 
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grass are a similar colour, often the grass covers the weed, or both the weed and grass are 

interwoven and twisted.  

Sarvini et al. (2019) examined several machine learning algorithms for weed classification, 

such as support vector machines (SVM), neural networks (NN) and convolutional neural 

networks (CNN). The paper included several suggestions: making synthetic images to create a 

comprehensive data set for different lighting, rotation, flipping, contrast and noise. Sarvini et 

al. (2019) used their study on a real image data set, which took three months for image 

collection. Their study lacked precision, recall and F1score analysis, and the paper did not 

clarify how many images were used to evaluate the accuracy of the algorithms.  

López-Granados et al. (2016) also studied in-crop weed detection. The authors used sitespecific 

weed management (SSWM) for the weed threshold. In their method, an unmanned airplane 

takes pictures of the field. Two factors are then considered for weed threshold: weed density 

and weed levels. Again, this study lacked precision, recall and F1score analysis. and no 

accuracy or any other metric analysis was included in the paper.  

Remotely piloted vehicles (RPV) can also be used for taking photos and collecting images. 

Squarrose knapweed is a roadside and long-lived noxious weed, and Hardin et al. (2007). 

studied its detection. The paper noted two major problems in the study method: piloting skill 

and height control for taking the same resolution images. The paper showed very low results 

on a metric called detection rate, and there was no study of precision and recall.  

Zhang et al. (2018) studied weed classification using real test images. With 6087 images, they 

achieved 88% correct classification with a confusion matrix of 93%. The study did not look at 

precision, recall and F1score.  
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Irias Tejeda and Castro Castro (2019) had low detection accuracy of 79% and 47% false 

detection. Their crop images are very simple compared with images of pasture because the 

weeds are surrounded by soil. The colour of soil and weed is completely different, making the 

detection much easier for the algorithm.  

Yu et al. (2019) analysed GoogelNet and VGG as preprocessing layers for weed classification. 

They used 36000 real images for training their model, and it took many months to collect all 

the data. The environment they used for the study is much simpler than the pastoral 

environment considered in this thesis, which is completely fuzzy.  

Lottes et al. (2018) show a crop-weed classification. They reported mAP results on two data 

sets: 83 on BONIROB and 87 on UAV. Again, the study environment described in this paper 

was simple and the paper did not show any recordings of precision and recall.  

Dankhara et al. (2019) report an accuracy of 90% in their study on bounding box output with 

no mask. However, the paper lacks the fundamental information of analysis, such as the number 

of images for training and validation, the precision and recall metrics, and training latency.  

Kullarni and Angadi (2019) also studied weed detection with a bounding box. Their analysis 

has a table of performance on 10 images. There is no discussion on training, image numbers, 

and official object-detection metrics in the paper.  

Lottes et al. (2020) is another study on in-crop weed detection with real images. The authors 

applied their model on a moving robot with a time scale analysis. The study does not clarify 

which model they used for weed-detection training. The authors analysed one hyperparameter: 

the learning rate. And although the study is on the simpler in-crop environment, their mAP 

score of 85.4 was lower than the mAP scores reported in this thesis from research into the more 

complex in-pasture environment.  
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Most of the studies mentioned above illustrate the concept of weed classification but reported 

very limited experiments on training time, precision, recall and F1score. The model proposed 

in this thesis required multiple experiments and tuning because the pasture environment is very 

fuzzy and much harder to detect weeds in than many of the crop environments described in the 

above studies. And unlike many of the other studies, this research also measured training time, 

precision, recall and F1score to demonstrate the better performance of the proposed model.  

Most of these weed classification studies used large sets of real images that had taken several 

months to collect, annotate and prepare as a training data set. The photos in this research were 

collected in one day, and the synthetic data set generated in a few minutes. Compared with 

similar studies, better accuracy and performance have been achieved with fewer images (6000 

and 36,000 images in two of the above studies, compared with just 2500 images in this study). 

Furthermore, compared with the models presented in many of the papers described above, the 

model proposed in this thesis outperforms with better detection and higher metrics. The 

proposed model can also show the weed-detection results with bounding boxes and masks.  

This is an innovative output, as none of the other studies described in this section used masks.  

3.3- Methodology  

This section introduces the components for object-detection training. Fig. 3.5 shows the four 

stages of the methodology for training and tuning the weed-detection model. The first stage is 

data set creation and preparation, where pastoral images are collected and annotated for a data 

set. The second stage prepares the environment and the platform for the model. The third stage 

is model training, and the final stage is scrutinising the results, tuning the model, and retraining 

it to improve its performance metrics. A new training configuration was created as a way of 

improving the model. For each new training, the same methodology was followed. More than  
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100 new training configurations were developed and tested to improve the model’s accuracy 

during the fourth stage.  

  

Figure 3.5: The four-stage methodology of model design and development  

3.3.1- Training data sets  

The proposed model has been investigated and tested in two modes: training and inference. In 

the training mode, an h5 model was created after transfer learning. The h5 model was then 

updated by its universal weight based on the experimental data set. In the inference mode, the 

h5 model was tested on realistic images, and then the essential parameters and metrics were 

recorded.  

Two types of images were used in the experiments: synthetic images were used for training 

and validating the data set in the training mode, and real images were used to test the model in 

the inference mode.  
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For training an object-detection model, a data set should have enough images to represent all 

possible features, conditions and characteristics of the learned object in its environment or 

context. Indeed, having a wide range of images in the training data set is critical to achieving 

accurate performance by an object-detection model. In a pasture environment, the shape of the 

target weeds is often very similar to that of the pasture plants, meaning that weeds can be very 

hard to distinguish from their background environment. Thus, the differences between weeds 

and the pasture environment are best reflected in a data set with a diverse range of images.  

Each image in the training data set represents a piece of data of the studied context. The images 

should contain various aspects of the learning context (pasture for our study) in different 

conditions. Some of the factors of pasture that needed to be considered in the data set are:  

1- degree of light in the pasture: sunlight versus shadow  

2- different sizes of the objects, and  

3- camera orientation, such as front view, top view, or side view (this study used the front 

angle).  

Annotations are another important part of creating a training data set. For each type of weed, a 

label should be assigned to an image. There are several tools for image annotation, such as 

VGG Image Annotator (VIA), a manual annotation software for image, audio and video. VIA 

is an open-source project based on a web browser without dependency on external libraries. It 

is convenient and widely used to generate annotation files same as COCO format (Colleges et 

al., 2014).  

The study used JAVAScript Object Notation (JSON) to create annotations for the data set. 

Mask Region Convolutional Neural Network (MaskRCNN) uses three JSON files for image 

annotations: data set-info, mask definitions and COCO instances. The first JSON file defines 

the data set and its metadata; the second JSON file describes the masks on the images; and the 

third JSON file, COCO instances, explains the annotations in JSON format.  
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Three steps are involved in creating the synthetic images:  

4- preparing a “clean” background; i.e. without any weeds  

4- extracting individual weed objects from images, and  

3-copying the weed to a background.  

GIMP is a software platform used for cleaning backgrounds and extracting weeds from an 

image. After extracting individual weed objects from images, random transfer and orientation 

algorithms are applied before the weed image is copied into a background image. Three object 

extraction methods were applied in this study:  

4- plant  

4- leaf, and  

4- both plants and their leaves.  

For the plant mode, the entire weed was extracted from the image and copied into a background. 

For the leaf mode, individual leaves of a weed were extracted and then copied into a 

background. For the third method, the entire weed with all its leaves was used as the foreground 

object and then copied into a background.  

Fig. 3.6 shows the sequences for creating the synthetic training data set.  

The model developed in this study was tested on three weeds that are common in New Zealand 

pasture: California thistle, catsear and dock. Of the three weeds, California thistle was the most 

challenging to detect because of its great variety in size and shape, and its high similarity to the 

pasture (grass) background.  

Fig. 3.7 shows an example of a background image. Background images should be completely 

clean and clear of any of the weeds studied for detection. Background images are for 

representing information about the normal grass and environment. The weeds were removed 

from the images to create clean background images. If there are any weeds in the background 

images, then the learning process will be very complicated with a highly reduced accuracy. It 
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is wise to select noisy backgrounds with different types of grasses. Another important 

experimental hint was to create the training set, validation set and testing set with the same 

background images. It was discovered that training and testing images with different 

background files reduces the accuracy tremendously during iterative tasks in the data set 

creation and training phase.  

Input: Realistic images  

1..N: number of weed objects extracted  

1..B: number of background images with no weed 1..M: 

number of synthetic images imag1: notation of foreground 

image img2: notation of foreground image img3: notation of 

sunthetic image trans: any operations of transformations on 

foreground images data set: the collection of synthetics 

images  Results: synthetics images as the training data set for 

1 to M do  

  Load a random img2(j)   

for 1 to N do  

  Load a random img1(i)   

trans(img1(i))  

  Store img1(i) on img2(j)   

end   data set = data set + 

img3(i) end  

Create data set-info.json  

Create mask.definitions.json  

Create coc-instances.json based on data set-info.json and mask-definitions.json  

Figure 3.6: Pseudocode used to create the synthetic data set  
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Figure 3.7: Example of a background image used in the synthetic data set  

Fig. 3.8 and Fig. 3.9 show other background images, which are taken from a rugby field. As 

rugby fields are not related to pastures, selecting these images as a background in the training 

data set is not rational. Besides, rugby fields are very simple and do not contain the complexity 

of a pasture, which should be considered as a factor in a training data set.  

  

Figure 3.8: Example of a background image taken from a rugby field  
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Figure 3.9: Another example of a background image taken from a rugby field Fig. 

3.10 shows California thistle with two other weeds – dock and catsear – which were used for 

comparison with the model’s metrics on California thistle.  

  

Figure 3.10: The three foreground weeds used for in the research:  dock, 

catsear and California thistle  

Fig.3.11 shows two rows of images: row A shows examples of the thistle used in the first 

method (plant) to create a synthetic data set, and row B shows leaf foreground objects used in 

the second method (leaf). The third method used a mixture of plants and weed leaves.  
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Figure 3.11: Leaf and plant extractions: (a) the plant objects, (b) the leaf objects  

Figure 3.12 shows the masks and images produced with the three methods: leaf, plant, and a 

mixture of leaf and plant. Row A shows the output of images/masks when individual leaves 

were used as the foreground objects; row B shows the output of images/masks when an entire 

weed was used as the foreground object; and row C shows the output of the third method that 

used both entire weeds and individual leaves as foreground objects.  
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Figure 3.12: Examples of images and masks produced by three methods:   

(a) the leaf method, (b) the plant method, and (c) the mixture of leaf and plant  

Using the automatic data set creation method, any number of images with high-quality 

annotations and image labelling can be generated. This way, the time taken to create synthetic 

data is significantly shorter than if the data were created manually and in the field.  

Three types of datasets have been used for this research:  
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1- Training dataset                                                    

2- Validation dataset                

3- Testing dataset                            

The training dataset has been used for model training. It has been produced with the synthetic 

methodology and is processed during the model’s training.  The validation dataset is again a 

synthetic dataset for validating the model’s performance during the training phase. The number 

of validation datasets is typically smaller than the training dataset. The 80-20 percent ratio is 

always followed to determine the image numbers for each dataset. The testing dataset contains 

real images for evaluating the model’s performance after it has been trained. The testing images 

are photos taken from pastures and not the synthetic images for evaluating how the trained 

model can perform in detecting weeds on a pasture.  

3.3.2- Training environment  

The platforms for hosting the weed data set and training models will now be described. Google 

Colab was the environment for training Single Shot Detector (SSD), SSDLite, and FastRCNN, 

and Nectar platform was the hosting environment for training MaskRCNN.  

Google Colab is a free cloud service that can support General Processing Units (GPU)s and 

Tensor Processing Units (TPU)s for training models. Nectar is an academic resource containing 

different types of virtual machines (VM) to support students in conducting their scientific 

research.  

Training the models comprised two stages: feedforward and backpropagation. In feedforward, 

tensor elements are organised to receive image data and do the matrix multiplication to 

calculate the tensor output. In backpropagation, the weights are updated based on previous 

output and weights. Matrix multiplication is the main operation at both stages. GPUs and TPUs 

are hardware platforms that can accelerate the stages. Fortunately, Google Colab provides free 
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access to GPUs and even a TPU. An online cloud-based Jupyter notebook environment is 

equipped with GPUs and TPUs for machine learning and deep learning models.  

Table 3.1 shows the hardware platforms used for conducting the training experiments. The first 

two machines were employed to do the model training experiments and record the training 

curves and trends; the next two models were for the inference time experiments. Raspberry Pi 

is a lightweight computer that can represent a fog device. Python programming language 

version 3.7 was used to develop, implement and code the software codes and the Jupyter 

notepad for programming and coding.  

Table 3.1: The training time of the models on the Google Colab and Nectar Cloud 

environments  

Name  CPU  RAM  GPU  Purpose  

Colab   Intel Xeon, 2 cores,  

2.3 GHz  

13 GB  Tsla K80  TrainingSSD, SSDLite, 

and FasterRCNN  

Nectar   Intel Xeon, 16Cores,  

2 GHz  

48 GB  Tsla K20  Training MaskRCNN  

PC  Intel Core i5 8Corse,  

1.6 GHz   

8 GB  Nvidia  

Geforce  

Inference execution  

Raspberry Pi  Broadcom, QuadCorse,  

900 MHz  

1 GB  N/A  Inference time  

The feedforward and backpropagation are based on TensorFlow (TF) structure. TFs are 

interconnected entities/capsules designed for multiplication operations with their operands, 

from input image data to the internal weights and the model’s output. Once a part of the training 

and detection was based on TF, three of its types were examined: TF, TF Lite and TF quantum. 

TF Lite is an optimised version of TF, adaptable in Advanced Risk Machines (ARM) 

architecture to faster training processing. TF Lite is very suitable for lightweight hardware 

platforms such as Raspberry Pi and mobile devices. Both TFs reduce latency and inference  

cost.  



56  

  

To apply optimisation by TF Lite, the model was first converted to the lighter type. The TF 

Lite Python API was used to convert the trained TF models into TF Lite format. The conversion 

reduces the model size by removing unnecessary parameters, and the optimising process has 

no negative impact on accuracy. By default, TF model parameters are stored in a float32 

precision format. More data reduction methods can be applied to produce a smaller TF during 

the conversion, which is called TF Lite Quantized.  

3.3.3- Training model  

This section describes the architecture, internal behaviour and training process of the models 

for the experiments. Four types of object-detection models were examined:  

1- SSD  

2- SSD Lite 3- FastRCNN  

4- MaskRCNN.  

In terms of field monitoring and yield maximisation, object-detection algorithms can play a 

significant role in defining systems and IoT applications. Object-detection algorithms 

nowadays highly depend on internal neural networks (NN). NN are powerful interconnected 

neurons that simulate the human brain in operation and functioning. Individual NNs can be 

connected horizontally or vertically to create sequential layers, making them powerful for 

processing high-resolution image files and big data. For object-detection algorithms, the NNs 

are evolved into convolutional neural networks (CNNs) to provide feature data and categorical 

data with fewer individual neurons.  

Liu et al. (2020) illustrates the evolution of CNNs into state-of-the-art algorithms for object 

detection. Region-based CNNs (RCNNs) are second generation CNNs; they make the 

algorithm capable of detecting desired regions in an image. RCNNs then evolved into 

FastRCNNs, FasterRCNNs and MaskRCNNs; the latter has been developed particulary for 
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detecting masks of objects and object region. You Only Look Once (YOLO) and SSD are 

compressed versions of object-detection algorithms. They are mainly designed for reducing the 

computation and processing cost of image training.  

SSDs are modified CNNs containing two primary parts: a VGG layer for input image  

prepossessing and SSD layers for feature extraction (Liu et al., 2016). Liu et al.’s (2016) study 

shows the performance of SSDs in detecting various objects. The authors also analysed tuning 

the internal parameters of the SSD for better detection. Their studied performance metric was 

mean average precision (mAP), one of the most important metrics in object detection. In the 

category of algorithms, SSDs show the detected objects as bounding boxes in an image. Some 

papers have also studied performance metrics for different selected objects while tuning the 

algorithm’s VGG part and convoluted parts. The objects are mostly the easy-to-detect ones, 

with a very clear border and differentiable colour from the background environment (Shi et al., 

2019).  

MaskRCNN is a state-of-the-art object-detection algorithm that can provide a mask for each 

detected object in addition to the bounding box. Because of this capability, MaskRCNN is the 

best algorithm for studying objects’ borders and boundaries in an environment. He et al. (2017) 

studied the performance of MaskRCNN on the human body and shape for many body structures 

and in various situations.  

3.3.4- Model types: MobileNet versus Inception  

MobileNets are based on a streamlined architecture that uses depth-wise separable 

convolutions to build lightweight Deep Neural Networks (DNN) (Howard et al., 2017). A 

lightweight DNN results primarily in the reduction of model size and model latency. The 

problem’s type and constraints (object detection, classification and face recognition) allow an 

efficient trade-off between latency and accuracy.  
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MobileNets evolved in CNN dimensions by creating a 1 X 1 pointwise convolution to build a 

depth-wise separable filter. This pointwise convolution combines the output of the depth-wise 

convolution. A standard convolution generates new output by combining the input and 

applying the filters in one step. In contrast, a depth-wise separable convolution splits the layers 

into a filtering and a combining layer, which reduces model size and computations compared 

with a standard convolution.  

Inceptions are also designed to reduce the model size and computational cost for big data 

scenarios in mobile environments. Factorising convolutions successfully scale up the inception 

network with large filter sizes. Adding aggressive regularisation via label smoothing are 

characteristic of other inception networks (Szegedy et al., 2016). In general, the inception 

network is built upon a set of design principles. The first principle is to avoid representational 

bottlenecks with extreme compression. This principle is achieved by decreasing the size of the 

network from input to output. The second principle is to increase the activation per tile in a 

convolutional network, which allows for more disentangled features and faster training. With 

spatial aggregation over lower dimensional embeddings, the network becomes less complex 

but will not lose its power in representation. Furthermore, the inception network provides a 

balance between the number of filters per stage and the depth of the network. The balance 

creates more qualitative networks, which have optimal performance.  

Based on these design principles, Szegedy et al. (2016) proposed inception modules that use 

convolutions of varying filters per layer, parallel execution and concatenation of the layer’s 

output. The inception modules replace larger convolutions with more parallel and smaller ones, 

which reduces the number of parameters and increases the speed of the network training.  
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3.3.5- Model description  

This section describes the architecture of the training models used in the research. The model’s 

core component is a convolutional neural network (CNN), a modified neural networks (NN) 

version for visual data. CNNs were first introduced in 1989. Researchers have used CNNs in 

various object-detection and image recognition tasks, and they have shown reliable results, 

which then led to machine learning improvement (Lecun et al., 2015). CNNs’ powerful ability 

to learn features from input raw images (Lecun et al., 2015) plays an essential role in their 

usability. Therefore, CNNs became the main component in the next generations of 

objectdetection models.  

Training the MaskRCNN model was carried out over three stages:  

1- training the weights of the head layer  

2- training the head + layer. (This second stage was used for analytical experiments 

to compare the impact of the training layers on the model).  

3- training all layers (that is, training all the parameters in the model).  

A single process does the whole detection without separating tasks into other stages in a 

onestage detection pipeline or region proposal-free framework. A preprocessing step is defined 

for the region proposal in a two-stage detection pipeline, making the overall pipeline two 

stages.  

Experiments were conducted on SSD and FasterRCNN, which are the appropriate candidates 

for a one-stage detection pipeline and a two-stage detection pipeline, respectively. Table 3.2 

shows the object-detection results on the COCO data set with SSD and FasterRCNN. The 

number of parameters and accuracy varied greatly between the different models. This is to be 

expected given that SSD is a lightweight model with fewer training weights than FasterRCNN.  
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Various pre-trained models are available in the official TF object-detection library. 

Considering the limited computation capability in a mobile environment, FasterRCNN was 

chosen based on Inception V2 and SSD, and SSDLite was chosen based on MobileNet V2. The  

MobileNets are models adapted to mobile platforms.  

Table 3.2: Models with the size of their parameters experimented by mAP metric  

Model  Component  mAP  Million Parameter  

  

SSD 300  

  

VGG  21.1%  33.1  

Inception V2  22.0%  13.7  

MobileNet  19.3%  6.8  

  

SSDLite  

VGG  22.9%  138.5  

Inception V2  15.4%  13.3  

MobileNet  16.4%  6.1  

  

FasterRCNN 300  

VGG  25.7%  138.5  

Inception V2  21.9%  13.3  

MobileNet  19.8%  6.1  

3.3.6- SSD, SSDLite, and FasterRCNN models  

Since RCNN, region-based frameworks (two-stage frameworks) have led to faster and more 

accurate detection algorithms. However, despite their accuracy, the two-staged frameworks are 

computationally expensive for mobile/embedded devices. Therefore, a one-stage detection 

framework was proposed, directly predicting class probabilities and bounding boxes from the 

whole image with one feedforward CNN. This is a simple and elegant approach because it does 

not involve region proposal generation and feature resampling stages. In SSD packages, all the 

execution components in a single sequence.  

SSD uses a fixed set of default bounding boxes for predictions to preserve real-time speed 

without trading off too much accuracy. It uses feature maps of different aspect ratios and scales 

to achieve high accuracy in its predictions. At the prediction time, SSD creates scores for each 

default box and generates box adjustments to match the object shape. It also combines 
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predictions from multiple feature maps with different resolutions to handle objects at various 

scales. During the training of the SSD network, boxes and their offsets are proposed and 

compared with the GroundTruth boxes. The confidence loss and the localisation loss are fed 

back to the model to increase the network’s performance. SSD completely removes proposal 

generation and feature resampling stages, making it much faster than FasterRCNN while 

maintaining high performance in mAP.  

Sandler et al. ( 2018) proposed SSDLite when designing MobileNets V2. SSDLite is a variant 

of regular SSD that focuses on mobile devices. It replaces all the traditional convolutions with 

separable convolutions (depth-wise followed by 1:1 projection) in SSD prediction layers, 

which is much more computationally efficient. Compared with SSD, SSDLite reduces both 

size and computational cost significantly.  

After applying deep learning in detection algorithms, the region-based CNN (RCNN) evolved 

through computational steps to become the FasterRCNN (Girshick et al., 2014; Ren et al., 

2017). FasterRCNN is a representative two-stage detector, which AlexNet integrated with the 

region proposal method selective search. It combines exhaustive search and segmentation using 

texture and colour attributes to pinpoint all possible objects (Girshick et al., 2014).  

 FasterRCNN improved the selective search algorithm with a CNN called Region Proposal 

Network (RPN). RPN is faster than traditional region proposal algorithms as it shares the 

fullimage convolutional features with the network responsible for detecting objects, which 

minimises the model cost.  

3.3.7- MaskRCNN  

MaskRCNN is a state-of-the-art algorithm used for object detection and image segmentation. 

The model and the weight parameters are larger than SSD and FastRCNN, leading to better 
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accuracy and ground box detection. In addition to multiple classifications and convolutional 

layers for object recognition and bounding boxes, MaskRCNN can provide the masks for 

detected objects. The MaskRCNN algorithms typically use two-stage training.  

Fig. 3.13 shows a schematic evolution of CNN into MaskRCNN. The internal structure of CNN 

has been used for all the evaluations, but pooling, classification and bounding box detection 

have been added to RCNN and FastRCNN. MaskRCNN has an added mask component for 

detecting the boundaries of objects and ranking them among the unique models for mask 

creation.  

  

Figure 3.13: The architectural evolution of object-detection models: from CNN to  

MaskRCNN  

Fig. 3.14 demonstrates the stages of pixel processing by MaskRCNN in the algorithm. The 

algorithm starts by accumulating the memories by training data set, validating data set and the 

model’s configuration. The training of MaskRCNN contains either two or three stages. In the 

first stage, the weights of the header layer are trained. There exists an optional stage of adding 

other layers to the header and training their weights in the second stage. In the last stage, the 

weights of all layers are trained. The epochs parameter in the “for 1 to epochs-1 do” loop of 

Fig. 3.14 is for the number of training iterations. More epochs will result in a better detection, 
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but the epochs should be constrained because of overtraining. A validation data set was 

generated for validating the weights during training. Finally, the model was tested with realistic 

images and the desired metrics, such as mAP, precision, recall and F1score, were calculated.  
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Input and notations  

Run algorithm 1 and split the synthetic images into Data-Train,Data-Val, and Data-Test  

  

Epochs: number of training iterations  

  

W(1): weights of layer 1  

  

W(2): weights of layer 2  

  

W(n): weights of last layer  

  

W(1..n): weights of all layers  

Results: Masks on detected objects on the test images, mAP values for training images, and 

mAP validation images  

Load Data-Train, Data-Val, and config  

   

Stage 1  

  

for 1 to epochs-1 do   

train W(1);  

  

Stage 2 train 

W(1..n);  

Load config;  

  

Load Data set;  

  

Plot Masks;  

  

Storing the test images in the memory;  

  

Calculating mAP, Precision, Recall, F1score  

Figure 3.14: The pseudocode of the MaskRCNN algorithm  
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3.3.8- Transfer learning  

Humans and machines have major differences in their learning processes. Any human can learn 

and detect the structure and shape of any object by seeing a few examples. On the other hand, 

a machine needs to be trained with a comprehensive data set containing all the object’s possible 

types, shapes, sizes, degrees of lightning, etc. In deep training of ML and object-detection, all 

the weights in the CNN layers have to be trained for a particular data set, which is extremely 

expensive.  

Transfer learning is a solution for reducing the number of training weights to save training 

time. There is no need to train all the weights in transfer learning, just those in layers close to 

the network output. The rest of the weights will be frozen in the training time to minimise the 

cost of training. The universal VOC or COCO weights are large, and transfer learning can 

reduce the training time. Transfer learning has emerged to improve the performance of ML 

models by avoiding expensive data gathering and collecting efforts (Panigrahi et al., 2021).  

In image processing algorithms, it is rare to train a CNN from scratch because doing so would 

not only require a large data set with high-quality annotations but could also take days or weeks 

of training time, even on GPU clusters. Therefore, it is common to use a pre-trained CNN on a 

large data set and then apply it to a specific data set as a feature extractor. Thanks to the 

availability of large-scale image data sets in recent years, a diverse range of pre-trained models 

now exists. These models are commonly trained on a data set such as ImageNet and MS COO, 

which may hold millions of images over hundreds of categories. The pre-trained networks then 

serve as a basement weight network for training.  

Fig. 3.15 demonstrates the difference between training from scratch and the transfer learning 

method. The pre-trained CNN is used as a feature extractor in transfer learning, and two new 

adaptation layers replace the last fully connected layer. When training on the new data, all 
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parameters of layers in the original CNN network are frozen, and the weights of only the last 

two fully connected layers are adjusted. Hence the model can achieve high accuracy on specific 

tasks with a small data set.  

  

Figure 3.15: The structural difference between deep learning and transfer learning  

3.4- Experimental Design  

Object-detection models can be evaluated with any metric that which serves as a measure to 

assess how well a model has performed detection. Recent competitions such as Everingham et 

al. (2010) and Colleges et al. (2014) provide diverse predefined metrics to evaluate the 

differences between object-detection algorithms on target data sets. This section will introduce 

several commonly used metrics that were chosen to evaluate the trained models for weed 

detection.  

MS COCO is a large image data set designed for object detection, segmentation, person key 

points detection, stuff segmentation and caption generation. The COCO metrics are the official 

detection metrics used to score the COCO competition. The metrics are similar to Pascal VOC 

metrics but have a slightly different implementation and report additional statistics such as 

mAP at different intersection over union (IoU) thresholds. The mAP metric is denoted by ratios 
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such as 0.50, 0.75 and 0.95. Furthermore, since the COCO data set contains more small objects 

than larger ones, the performance is evaluated on average precision (AP) in distinct object 

scales such as small, medium and large objects.  

Because MS COCO has more detailed metrics available, it was chosen as a measurement to 

assess the performance of the models. The pycocotools package provides Python APIs that 

assist in loading, parsing and visualising the annotations in COCO. The TensorFlow (TF) 

object-detection API has good integration with MS COCO evaluation protocols, configured in 

EvalConfig by setting metrics to the corresponding value.  

3.4.1- Images  

This section illustrates the performance and accuracy of the algorithm on different test images. 

Bounding boxes and masks are two ways of illustrating the detection result on an image.  

Bounding boxes and masks are a visionary way of evaluating a model’s performance. Fig. 3.16 

shows California thistle images and their detection by two methods: leaf foreground and plant 

foreground. Four California thistle images were selected for testing the model, which 

represents a unique situation in the pasture: a single weed, two middle weeds, a mess of weeds, 

and a thistle family. There are more masks in the left-hand images of Fig. 3.16, showing that 

the inference model trained on synthetic leaf images was able to correctly detect all the weeds 

in the test images. For instance, the right-hand image in 3.16 (a) shows a single weed detected 

by two masks by the inference model trained on the synthetic plant data set, but there are five 

masks in the left-hand image, when the inference model was trained on the synthetic leaf data 

set. Likewise, the right-hand image in 3.16 (b) shows two weeds detected by three masks by 

the inference model trained on the synthetic plant data set, but 15 masks in the left-hand image, 

when the inference model was trained on the synthetic leaf data set.  
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Figure 3.16: A comparison of the mask/bounding box output of the inference model trained 

on synthetic leaf images versus the inference model trained on synthetic plant images.   

The image in the centre of 3.16 (a) shows a single weed in a fuzzy field, surrounded by normal 

grass with shapes and colours similar to the weed, making the differentiation formidable.  

The output images from the  

inference model trained on  

the synthetic leaf data set   

The weed images used    

to test the model   

The output images from  

the  inference model  

trained on the synthetic  

plant data set   
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Trained on a synthetic plant data set, the model detected the weed with a good mask and 

accuracy but with one more falsely detected small weed. The two mask colours indicate that 

the algorithm detected the single weed as two individuals. This false-positive situation was 

found in other simulations with weeds with several leaves in different directions. The 

leaftrained model showed the entire four leaves of the weed and four other false-positive 

objects.  

Fig. 3.16 (b) shows four weeds in the field: two middle-sized weeds in the centre and two small 

weeds. The right-hand image in Fig. 3.16 (b) shows that the model trained on the synthetic 

plant data set detected the two middle-sized weeds and a very small one covered by long grass. 

However, there is a second small weed, close to the middle ones, which the algorithm 

overlooked. The image also shows that the algorithm had no false positives. False-positive 

objects are the objects that have similarities to weeds in terms of colour, shape and structural 

attributes but should not be detected as weeds by the algorithm. It is obvious in the left-hand 

image in Fig. 3.16 (b) that the model outputted one mask for each leaf of the weeds. Thus, all 

the weeds’ leaves were detected correctly by the model trained on the synthetic leaf data set.  

Fig. 3.16 occurred contains several weeds in a field with some other objects such as stones. 

The model trained on the synthetic plant data set performed successfully, masking (that is, 

detecting) all the weeds of various sizes. This test image is a good example of a weed-covered 

area, and the algorithm successfully detected weeds of different sizes with high accuracy. The 

left-hand image in Fig. 3.16 (c) is the output from the model trained on the synthetic leaf data 

set. This image shows the tips of the detected weeds but fails to show a mask of the central part 

of weeds (in the centre of the image). The main reason for this result is because there were no 

images of interconnected or interwoven leaves in the training dataset. Thus, the model trained 
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on the synthetic leaf data set can detect the tips of weeds and individual leaves well, but not 

the parts of a weed that do not look like a single leaf.  

Fig. 3.16 (d) shows a large family of California thistle, with many branches, leaves and 

colourful flowers. There are some other smaller weeds around the central weed clump. This 

image was chosen to see how the mixture of shapes, heights and colours in a complex 

environment will make detection hard for the model. Some test images were selected for the 

experiments where detecting the weeds was hard even for the human eye. In the right-hand 

image of Fig. 3.16 (d), it can be seen that the model trained on the synthetic plant data was able 

to successfully detect all the weeds. However, it detected the large main family of weeds as 

two groups, whereas it should have output one mask for the large family, not two. This model 

also successfully detected several small weeds covered by the grass, but it did make several 

false detections of other plants with leaves similar to those of the California thistle weeds. The 

left side image Fig. 3.16 (d) shows that the model trained on the synthetic leaf data set could 

detect tips of weeds, but had the same limitations as identified in simulatioccurred(c); that is, 

the model did not detect the central part of the weed family well.  

The images shown in Fig. 3.16 demonstrate that that the model trained on the leaf data set (the 

left-hand images) can detect weeds with greater detail and produce more granular masks. 

However, the leaf-trained model is not very good at ignoring tiny false-positive objects and 

overlooks the central parts or clumps of families of weeds (Fig. 3.16 (d).  

Fig. 3.17 shows the output of MaskRCNN on filed images that contain catsear weeds. Two 

images were selected for this experiment: the first image (on the left-hand side of Fig. 3.17) 

shows a single large catsear weed in the centre, surrounded by several smaller weeds, and the 

second image (the third image in Fig. 3.17) shows a greater number of catsears covering a 

range of different sizes. A fuzzy background was selected for both test images, which contains 
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many types of grass similar to weed shapes. The masks image beside each test image (images 

two and four in Fig. 3.17) illustrates the algorithm’s output when weeds are detected. The 

algorithm successfully detected the large central weed in the first test image and most of the 

weeds in the second test image. The model’s output is completely satisfied with no false 

negative or true positive detections. The masks show that the model is successful in detecting 

the catsear boundaries.  

 

Figure 3.17: Mask/bounding box of MaskRCNN on catsear  

Fig. 3.18 is an illustration of the output of the MaskRCNN algorithm trained on the images of 

dock with the first method. Dock has fewer leaves than California thistle and catsear, which 

might make it harder to detect. The two right-hand images of Fig. 3.18 are that of a single dock 

plant and a mask indicating its detection, respectively. The left-hand image shows several dock 

plants, and the mask images beside it show that the algorithm was successful at detecting all of 

them. However, the algorithm also made some false-postive detections; for instance, see the 

rounded red mask in the centre at the top of the image. This false detection occurred because 

the algorithm was unable to discriminate between the background and the dock in the 

foreground. If there were fewer objects in the background, the algorithm might recognise the 
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weeds as foreground objects. The algorithm also showed some deficiencies when the 

foreground weeds are mixed with messy background grass and other plants or are covered by 

background plants.  

 

Figure 3.18: Mask/bounding box of MaskRCNN on dock  

3.4.2- Trends and curves  

This section describes the behaviour of the object-detection model with two metrics: loss 

function and mAP. Loss function is a metric for measuring algorithm performance. It shows 

the error of the algorithm at a specific time of training.  

Usually, the loss function starts with high values, which indicate large errors between the 

algorithm’s understanding of objects and the true objects. After the training has been 

completed, the loss values will be reduced to a number close to zero. Having large numbers at 

the end of training is an indication of the algorithm’s failure to detect objects.  

Loss function was used for the second training performance metric. In the MaskRCNN 

objectdetection algorithm, the loss function integrates three other loss functions: loss of 

classification, loss of localisation, and segmentation mask. Thus, L = Lcls + Lbox + Lmask, 

where Lcls and Lbox are the same as in FasterRCNN. Equation (1) shows the mathematical 

formulation of the loss function in MaskRCNN.  
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(1) 

Equation (1) could be studied in three types: class loss, bounding box loss, and mask loss. The 

class loss shows how accurate the algorithm is at detecting the weeds from normal grass. Class 

loss is represented as the bias error, ranging from 0 to a large number, with 0 as the best 

performance. The bounding box loss is for measuring the bias between the truth ground boxes 

and the predicted boxes of the algorithm. Mask loss is particular for MaskRCNN, when the 

algorithm provides masks for detected objects.  

Fig. 3.19 shows the training behaviour of the loss metric of MaskRCNN algorithm in detecting 

California thistle. The behaviour was recorded over 21 epochs, each containing 100 iterations  

– a total of 21,000 iterations. The three curves show the algorithm’s performance in the class 

loss, bounding box, and mask loss metrics. Class loss shows the algorithm’s accuracy in finding 

the correct class, which in this study is California thistle; bounding box loss shows how well 

the algorithm fitted a box to a weed; and the mask loss shows successful the algorithm was at 

finding the borders of the California thistle and fitting a mask to it. The three curves in Fig. 

3.19 show a similar behaviour: they start from a high loss, have a low point in epoch 3, reach 

a high loss in epoch 4, and then show a stable behaviour up to the last epoch (epoch 21).  

Fig. 3.20 illustrates the training behaviour of loss metric of two bounding box algorithms – 

SSD MobileNet and SSDLite – when trained on 500 images and 2000 images. The SSD 

MobileNet algorithm performed better than the SSDLite algorithm. The SSD MobileNet 

algorithm also performed better on the 500 images than 2000 images.  
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Figure 3.19: The training behaviour of loss metric of the MaskRCNN algorithm on California 

thistle  

  

Figure 3.20: Training behaviour of loss metric of SSD and SSDLite  

Another metric for performance measurement used in this study is mAP (mean average 

precision). This metric is based on the overlap between the ground target object and the 

predicted object. The mAP is calculated based on the intersection of unions (IoU) of the 

detected objects. Fig. 3.21 is an illustration of IoU. The IoU varies between 0 and 1, with 0 as 

being a poor overlap and 1 a complete overlap.  
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Figure 3.21: Intersection of Union (IoU)  

Fig. 3.22 illustrates the mAP behaviour of three bounding box algorithms: SSD, SSDLite and 

FasterRCNN. The three algorithms were tested on small, medium-sized and large weeds. The 

size was defined by the number of pixels of the foreground objects. According to COCO data 

set metrics, any object with an area less than 32 x 32 pixels is small; objects with an area 

between 32 x 32 and 96 x 96 pixels are defined as medium size; and objects with an area greater 

than 96 x 96 pixels are large. The foreground objects have been categorised as small, 

middlesized (medium) and large to resemble tiny, mature and a family of weeds.  

All three algorithms performed best on “large” (a family of) weeds. The second best mAPs 

scores were on weeds of medium size, and the algorithms’ poorest performance was on small 

weeds. The better performance by the algorithms on large and medium-sized objects can be 

explained in their larger bounding box (which, therefore, more contained pixels). The 

algorithm can detect these larger boxes more quickly than it can smaller boxes if more images 

are in the training dataset.  
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Figure 3.22: The training behaviour of mAP matric of the SSD, SSDLite and FasterRCNN 

algorithms on weeds of different sizes  
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Fig. 3.23 presents results from another experiment that assessed the ability of the three 

bounding box algorithms – SSD, SSDLite and FasterRCNN – to detect objects that were small, 

medium-sized and large. For all three weed sizes, the FasterRCNN algorithm had the best mAP 

performance, with SSD ranking second in performance and SSDLite with the lowest mAP 

score. This experiment shows that the FasterRCNN algorithm has the best performance in 

detecting small weeds.  

Fig. 3.24 shows the mAP training and mAP validation curves for the three weeds. The highest 

detection scores (most accurate) were of catsear, followed by dock. The results from this 

experiment illustrate that the California thistle is harder to detect than dock and catsear. A 

possible explanation of this result is that, unlike the other two weeds which have little variation 

in leaf form and a stable leaf pattern over their life course, the immature form of California 

thistle is quite different from that of the mature plant. Fig. 3.24 also shows that the training and 

validation sets of dock have very close mAPs. Furthermore, while the mAP trends for both 

California thistle and catsear are increasing functions and have their highest value in the later 

epochs, the mAP trend for dock did not follow this behaviour.  

Precision, recall and F1score are three metrics for evaluating the model. Precision is the ratio 

of detected objects (true or false) to true objects. For instance, if the model detects 10 weeds 

and there are 9 weeds in the image, then the precision is 90 per cent.  

Recall is the ratio of true positive detected objects. For instance, if the model detects 7 weeds 

and 10 weeds, then the recall is 70 per cent.  
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Figure 3.23: The training behaviour of mAP metric of SSD, SSDLite and FasterRCNN on 

three weed sizes  

  

( a )   Small weed   

  
( b )   Medium - sized weed   

  
( c )   Large weed   
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Figure 3.24: The training behaviour of mAP for training dataset and validation dataset of the 

three weeds  

  
) ( a   California thistle   

  
( b )   Dock   

  
( c )   Catsear   
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Equations (3), (4) and (5) show how the three metrics used to evaluate the model are calculated.  

 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (2)  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =   

  𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 

 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (3)  

𝑅𝑒𝑐𝑎𝑙𝑙 =   

  𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 

 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙 (4)  

𝐹1𝑆𝑐𝑜𝑟𝑒 =   

  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 

Table 3.3 shows the precision, recall and F1scores of the MaskRCNN algorithm for detecting 

California thistle.  

Table 3.3: Precision, recall and F1scores of MaskRCNN  

Model  Epochs  mAP  Precision  Recall  F1 Score  

Thistle  100*100  0.83  0.7013  0.5114  0.5915  

Catsear  100*100  0.78  0.6035  0.5318  0.5653  

Dock  100*100  0.75  0.5878  0.5365  0.5609  

Table 3.4 shows the training time and epochs of the models used in the study. The experiment 

used datsets with 500 and 2000 data sets. For dataset of 500, SSD has the longest training time, 

while FasterRCNN has the shortest training time. For dataset of 2000, MaskRCNN has the 

longest training time, while Inception V2 has the shortest training time.  

 

 

 

 



81  

  

Table 3.4: The training time of the different models on Google Colab and Nectar  

Model  Data set  Steps  Time (min)  

FasterRCNN  500  9,199  30  

FasterRCNN  2000  12,300  65  

Inception V2  500  532  22  

Inception V2  2000  14,030  50  

SSD  500  9105  180  

SSD  2000  12,400  223  

SSDLite  500  10,000  176  

SSDLite  2000  13,300  199  

MobileNet V2  2000  10,000  186  

MobileNet V2  2000  10,620  190  

MaskRCNN  500  20,000  161  

MaskRCNN  2000  20,000  287  

  

3.4.3- Inference time of object detection  

This section presents the latency experiments on two different hardware platforms: PC and 

Raspberry Pi. Latency is the execution time of the models on the different hardware platforms, 

which were described in Table 3.1. The unit of frame per second (FPS) also shows the 

evaluation of latency on videos.  

Table 3.5 shows the latency results of three models – SSD, SSDLite, and FasterRCNN – on PC 

and Raspberry Pi. FasterRCNN had the largest latency (on Raspberry Pi) but the best FPS rate 

of the three models on the PC platform. SSD and SSDLite had very similar results to each other 

on both platforms, and both models performed considerably better (much lower latency times 

and higher FPS rates ) on PC than they did on Raspberry Pi.  
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Table 3.5: Latency and inference time of thistle on PC and Rasperry Pi  

Model  mAP  Latency (s)  FPS  Size  

(MB)  

FasterRCNN on PC  0.78  2.054  0.41  50  

SSD on PC  0.69  0.265  11.63  15  

SSDLite on PC  0.40  0.260  12.32  12  

FasterRCNN on Raspberry Pi  N/A  14.372  N/A  N/A  

SSD on Raspberry Pi  N/A  3.881  0.25  N/A  

SSDLite on Raspberry Pi  N/A  3.859  0.26  N/A  

Table 3.6 shows the latency experiments on PC and Raspberry Pi, using three types of TF 

packages. The results show that as the package sizes decrease, they experience lower latency 

in data processing for weed detection. Of the three packages, TF LiteQuantized had the smallest 

size of SSD and the lowest latency (fastest times) in detecting weeds on the Raspberyy Pi 

platform.On PC, all three TF packages have a latency of less than a second. However, on  

Raspberry Pi, the latency time of all three packages was greater than one second. On the  

Raspberry Pi platform, SSDLite embedded with TFLiteQuantized had the lowest latency score  

(fastest time) with 2.833 seconds.  
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Table 3.6: The latency and inference time of California thistle on PC and Raspberry Pi  

Studied Metric  TF  TFLite  TFLite Quantized  

Latency of SSD on Raspberry Pi (seconds)  3.881  2.931  2.892  

Size of SSD on Raspberry Pi (MB)  15  14.69  3.800  

Latency of SSDLite on Raspberry Pi (seconds)  3.859  2.892  2.833  

Size of SSDLite on Raspberry Pi (MB)  12  11.87  3.120  

Latency of SSD on PC (seconds)  0.265  0.356  0.697  

Size of SSD on PC (MB)  0.260  0.337  0.671  

3.5- Improving Accuracy  

This section presents the results of experiments on training the data sets and factors that might 

improve the algorithm’s performance. One important factor determining the degree of 

difficulty of detection in an object-detection algorithm is the similarity in colour and shape 

between the foreground objects and the background environment. For instance, detecting a pen 

on a desk is much easier than detecting a plant in a garden because the border, colour, pattern 

and shape of a pen are all completely different from the desk it is on it, whereas a plant’s visual 

attributes are very similar to those of the garden (or pasture or paddock) that it is growing in.  

Thus, it is much harder for an algorithm to detect an object when the object and its image have 

similar visual attributes. The main factors that contribute to bias in an object-detection 

algorithm are a smaller colour contrast, leaf contrast or brightness contrast between the object 

and its background. The bias then shows itself in more true-negative or false-positive results; 

that is, the algorithm is less accurate when there is less contrast between the object and the 

background. Mitigating for potential bias in the algorithm was done by tuning the configuration 

parameters of the model while it has been trained. Precision, recall and F1score metrics were 

recorded for each studied factor, and the hyperparameters used to study the model’s 

performance were:  
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1- image resolution  

2- ResNet backbone in training mode  

3- maximum instances in training mode  

4- region of interest (RoI) in training mode  

5- minimum confidence ratio in inference (testing) mode.  

3.5.1- Image resolution  

This section presents the study’s experiments on image resolution. The findings from these 

experiments can help dairy farmers to decide the best scale and resolution for images when 

using object-detection software for their weed management. The section presents the 

experiments on three data sets based on three different image resolutions. In terms of 

resolution, the width and height of an image should be divisible by a number to the power of 

64, as explained in (5) and (6), which give the configuration of the width and height of an 

image resolution for MaskRCNN, respectively.  

                                                                                                                                      

 

𝑚𝑜𝑑𝑒(𝑤𝑖𝑑𝑡ℎ)

𝑛2
6 = 0 𝑓𝑜𝑟 𝑛 = {1,2,3, … } 

(5) 

  

 

                    
𝑚𝑜𝑑𝑒(ℎ𝑒𝑖𝑔ℎ𝑡)

𝑛2
6 = 0 𝑓𝑜𝑟 𝑛 = {1,2,3, … }                                  (6) 

If the number of image pixels does not follow the principles of (5) and (6), the following error 

is received:  

Image size must be divisible by 2 at last 6 times to avoid fractions when downscaling 

and upscaling. For example 256, 320, 384, 448, 512, etc.  

Table 3.7 shows 12 acceptable image resolutions that could be used for defining the image data 

sets.  
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Table 3.7: Examples of acceptable image resolution in MaskRCNN  

No.  Number of n  Resolution  

1  4  256  

2  5  320  

3  6  384  

4  7  448  

5  8  512  

6  9  576  

7  10  640  

8  12  768  

9  16  1024  

10  20  1280  

11  24  1536  

12  30  1920  

An image resolution of 640 x 480 was initially considered, but after analysis, two further 

resolution sizes were included in the experiments: images with a lower resolution (384 x 256) 

and images with a higher resolution (1280 x 1024). Fig. 3.25 shows three image resolutions of 

used in the experiments.  

A new data set was created for each image resolution, which contained a new set of background 

images and foreground weed objects. The images were rescaled to the desired resolution, and 

then the backgrounds and foreground objects were created. Thus, the foreground objects were 

scaled based on each set of resolutions. Fig. 3.26, Fig. 3.27, and Fig. 3.28 show the main loss, 

bounding box loss and mask loss, respectively. The results from the experiments show that 

training converges faster when lower resolution images are used. However, of the three image 

scales, the best performance (minimum loss) occurred with images of 640 x 480 resolution.  
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Figure 3.25: Image resolutions used in the experiments  

  
Figure 3.26: The training behaviour of main loss of the three image scales  
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Figure 3.27: The training behaviour of bounding box loss of the three image scales  

  

Figure 3.28: The training behaviour of mask loss of the three image scales  

The MaskRCNN model was executed with 10 epochs. On each epoch, loss functions, training 

time and accuracy metrics were recorded for all three image scales. Table 3.8 presents the 

results of the experiments. The results from the experiment show that the greatest reliability 

(highest precision and F1score metrics) comes from images with 640 x 480 resolution. The 

highest precision and F1score come from images with 640 x 480 resolution. This finding 
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indicates that farmers should choose a middle resolution setting (not high or low) when they 

want to capture pastoral images for weed detection.  

Table 3.8: Accuracy metrics of the three image scales  

Model  Epochs   Width x Height  mAP  Precision  Recall   F1score  

California thistle  10  1280 x 1024  0.57  0.49  0.52  0.50  

California thistle  10  640 x 480  0.47  0.56  0.47  0.52  

California thistle  10  384 x 256  0.55  0.44  0.52  0.47  

The Python kernel was restarted to capture the training time of the three image scales, and the 

times before and after the training epochs were recorded. Experiments were conducted for 

training the head layer and for training all layers with all three image scales. The training time 

results are presented in Fig. 3.29. The longest time recorded was for training the head layer 

using the high-resolution images (211 minutes), which is clearly shown in Fig. 3.29.  

  

Figure 3.29: The training times of the three image scales  
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3.5.2- Minimum confidence ratio  

The minimum confidence ratio is a parameter that can be used to measure a model’s accuracy 

when testing images in the inference mode. The parameter ranges from 0 to 1 and should be 

adjusted by floating-point numbers. Having a high number close to 1, such as 0.8 or 0.9, means 

that the model is very strict on determining the objects as true positive. This way, some true 

objects will be ignored by the model because of not having high confidence. In an image having 

10 true positive objects, the model might just consider 7 objects because the other 3 objects 

were not confident enough to be recognised as a true positive.  

Having a low number means that the model is not so strict in detecting true positives. With a 

value of 0.3 or 0.4, the model will show more true positive objects in an image. The candidate 

RoI is more likely to be considered to be true positive even if it is false negative. The best way 

of tuning this parameter is doing minimum confidence experimentation with test images and 

observing which value of confidence has the closest outcome to the true positive.  

In some applications, accuracy plays a significant role. Therefore, higher confidence should be 

considered for inference. In other applications, however, a false negative is not a problem, and 

so a lower confidence should be selected. For the experiments in this research, a value close to 

1 was considered better for inference.  

Fig. 3.30 shows a single California thistle in the centre of the image. With minimum confidence 

parameters of 0.3 and 0.6, the model detected a true weed but also “detected” a false-positive 

one. (See the tiny red mask at the top of the first two images in the second row of Fig. 3.30.) 

When the minimum confidence parameter was set at 0.85, the model detected only the true 

weed and there were no false-positive outputs.  
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Figure 3.30: Masks on a single weed image using minimum confidence parameters of 

0.3, 0.6 and 0.85  

Fig. 3.31 shows the same process in a different environment. This time, a family of California 

thistles of different sizes were examined with minimum confidence parameters of 0.3, 0.6 and 

0.85. At settings of 0.3 and 0.6, a tiny weed was successfully detected. (See the bright green 

and purple masks in the bottom-left corner of the first two images in the second row of Fig. 

3.31.) When the minimum confidence parameter was increased to 0.8, the tiny weed was not 

detected; that is, there is no mask in the bottom-left corner. This experiment demonstrated that 

a lower minimum confidence ratio can lead to better object detection.  
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Figure 3.31: Masks on several weeds of different sizes using  minimum 

confidence parameters of 0.3, 0.6 and 0.85  

3.5.3- Maximum instances  

This parameter is the maximum number of objects (instances) that can be detected in an image. 

If many objects in an image should be detected, the maximum instances parameter should be 

adjusted to a maximum number. If the number of detected objects is limited, the parameter can 

be set with a minimum threshold. Before tuning, it is rational to approximate the number of 

instances the model should detect. The parameter can then be fixed to this number before 

starting the experiment. There are never more than 50 weeds in any of the images used in this 

research, and so the maximum instances parameter was set to 50 because the model did not 

need to detect more than 50 weeds. In other words, after the 50th weed is detected, the algorithm 

stops processing any further images. Table 3.9 shows the mAP and training time analysis 

results from the experiments on maximum instances. The table shows that the algorithm wa 

most accurate (indicated by the lowest mAP score) when the maximum instances parameter 
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was set at 50. However, this high number of objects also took the longest training time. results 

show that the best accuracy belongs to number 50 while the algorithm spent the maximum time 

of training for max number 50.  

Table 3.9: The evaluation of different parameter settings for maximum instances  

Data set  Epochs   Training 

time (min)  

Maximum  

instances  

mAP  

California thistle  10 x 100  8.18  50  0.4200  

California thistle  10 x 100  6.74  45  0.4950  

California thistle  10 x 100  6.73  40  0.5027  

California thistle  10 x 100  6.74  35  0.5126  

California thistle  10 x 100  6.72  30  0.5170  

California thistle  10 x 100  6.7  25  0.5060  

California thistle  10 x 100  6.77  20  0.5300  

California thistle  10 x 100  6.75  15  0.4400  

  

3.5.4- Region of Interest (RoI)  

The region of interest (RoI) parameter is the area (box) of an image the model used for 

processing the pixels inside it. A larger RoI model uses more pixels for detection, while a 

smaller RoI model uses fewer pixels. This parameter correlates to the size of the objects in an 

image. If objects are tiny, the parameter should be adjusted to a small area, whereas if there is 

a larger object in the image, then a larger RoI parameter should be set up before training. Table 

3.10 shows the training time and mAP results from a set of RoI experiments. The results show 

the highest accuracy of deteoccurredccured when the RoI was set at 25, while the longest 

training time is for an RoI of 50.  
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Table 3.10: The evaluation of RoI  

Data set  Epochs   RoI per image  Training time (min)  mAP  

California thistle  10 x 100  50  7.17  0.3400  

California thistle  10 x 100  45  7.09  0.4730  

California thistle  10 x 100  40  6.98  0.5060  

California thistle  10 x 100  35  6.94  0.3780  

California thistle  10 x 100  30  6.7  0.4970  

California thistle  10 x 100  25  6.66  0.5280  

California thistle  10 x 100  20  6.51  0.4319  

California thistle  10 x 100  15  6.32  0.4419  

California thistle  10 x 100  10  6.27  0.4850  

California thistle  10 x 100  5  6.12  0.4470  

3.5.5- Backbone  

This string parameter defines the preprocessing layers of neurons. MaskRCNN has two options 

for this structure: ResNet50 and ResNet101. ResNet50 is a layer of convoluted neurons layered 

in a stacked manner for receiving pixels, filtering and delivering the filter results to the next 

layers of MaskRCNN for processing. ResNet101 has more convoluted neurons, which makes 

it more suitable for denser filtering and processing. Table 3.11 shows the training times and 

mAP scores when choosing ResNet50 and ResNet101 with epochs of 10 and 20.  
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Table 3.11: The evaluation of backbone  

Data set  Backbone   Epochs  Time (min)  mAP  

California thistle  ResNet50  10  6.63  0.3324  

California thistle  ResNet101  10  7.88  0.4200  

California thistle  ResNet50  20  12.52  0.5217  

California thistle  ResNet101  20  14.74  0.4223  

3.5.6- Learning rate  

The learning rate is one of the most critical parameters in training a model and has been used 

from the era of NNs for updating the weights. This parameter defines the number of values 

added to the weights of a model on each learning/training iteration. Adjusting this parameter 

before training is important to see how fast the weights can reach the optimum point. Three 

values were chosen for the learning rate in this study: 0.01, 0.001, and 0.0001.  

Fig. 3.32 and Fig. 3.33 present the results of the learning rate experiments of the proposed 

model over 10 epochs using the three different learning rates. A learning rate of 0.0001 gave 

the best result in the class loss, while learning rates of 0.01 and 0.001 had better performance 

in mask detection.  

 
  

Figure 3.32: The training behaviour of class loss the three learning rates  
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Figure 3.33: The training curve of loss  

Fig. 3.34 is a schematic diagram showing how the model’s weed-detection accuracy was 

improved by tuning various hyperparameters, including RoI, the number of training epochs, 

backbone and learning rate.  

  

Figure 3.34: A schematic diagram of accuracy improvement  by 

hyperparameter tuning and optimisation  

  

Step 0 1 2 3 4 5 6 7 8 9 10 
0 

0.1 

0.2 

0.3 

0.4 

0.5 

0.6 

Epochs 

Learning Rate 0.01 Learning Rate 0.001 Learning Rate 0.0001 
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Table 3.12 summarises the findings from the experiments on configuration, training parameters 

and hyperparameters for training. The highest mAP and precision results were found after 300 

epochs of training on the synthetic leaf data set. In this experiment, 50 foreground objects were 

used to create the data set. The highest recall came from the experiment with 200 training 

epochs, as did the highest F1score. The results from these experiments show the algorithm was 

able to be significantly improved by tuning the hyperparameters; specifically, the precision 

metric improved from 0.7 to 0.78, recall from 0.53 to 0.63, mAP from 0.83 to 0.93, and F1score 

from 0.59 to 0.69. 



 

Table 3.12: The mAP, precision, recall, and F1score after the study on hyperparameters  

Model  #Images  Method  epochs  mAP  Precision  Recall  F1score  Backbone  Foreground  Time (min)  

California thistle  500  plant  200 x 100  0.856  0.72  0.52  0.61  ResNet50  14  534  

California thistle  2500  plant  300 x 100  0.870  0.736  0.52  0.61  ResNet101  70  1022  

California thistle  2500  leaf  200 x 100  0.866  0.72  0.63  0.68  ResNet101  50  603  

California thistle  2500  leaf  300 x 100  0.930  0.78  0.61  0.69  ResNet101   50  986  
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3.6- Test Images  

This section presents the results of the model’s performance on test images. The experiment 

was conducted on 10 test images that had been carefully selected to give a diverse range of 

conditions in the field as well as weed characteristics, such as the weed’s orientation, size 

and position. The collection of test images included images of a single weed, tiny weeds, 

large and medium-sized weeds in the centre of the image, a mixture of fuzzy weed-like 

grasses and weeds, a mixture of tiny and medium-sized weeds, and a mixture of large, 

medium-sized and tiny weeds.  

Fig. 3.35 shows the output masks on the 10 random test images, and Table 3.13 shows the 

accuracy and bias results. One hunded per cent weed detection was achieved on many of the 

images. Some images missed tiny weeds and corner-sided weeds, which is a minor issue with 

synthetic data sets.  

Table 3.13: The accuracy of the test images  

Image   No. of weeds  No. of predicted weeds  Accuracy   Bias   

1  2  2  100%  0%  

2  1  1  100%  0%  

3  11  10  90.9%  9.1%  

4  4  3  75%  25%  

5  6  6  100%  0%  

6  1  1  100%  0%  

7  6  6  100%  0%  

8  5  5  100%  0%  

9  8  7  87.5%  12.5%  

10  1  1  100%  0%  

Total   45  42  95.3%  4.7%  
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Figure 3.35: Weed detection, as indicated by output masks, on 10 random test images.  

3.7- Limitations  

Many factors were considered when creating the data set of synthetic images, including weed 

size and shape, grass shape, and colour and brightness contrast between the foreground object 

and the background environment. The model was tested using two data sets, one with 500 

images and another with 2000 images. Further study required the following tasks for 

improving the model’s performance:  
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1- A training on a much larger dataset such as 10,000 images                                                                     

2- Including YOlO as one potential experiment with its performance comparison                 

3- A comparison between synthetic and static datasets detection performance                      

4- Including a more consistent metric evaluation among models with same metric such as 

mAP   

More images can provide a better insigths into model’s performance on large datasets. We 

can then see if the model can predict weeds better when trained with a large datset. In this 

chapter we experiment most of the object detection models except YOLO. Training this 

model with weed dataset can provide how it could perform comparing other existing models. 

Also the comparison between MaskRCNN and YOLO would be valuable and insightful. The 

models have been trained based on synthetic datasets and including real datasets would  shed 

light into the performance’s comparison between real and synthetic datasets. The last item 

highlights the point of more experiment based on a consisten metric such as mAP. Once each 

model has its own performance metric such as loss for SSD and mAP for MaskRCNN, 

converting all evaluations into mAP would be of value.    

3.8- Future Work  

The experiments in this research were conducted mainly on MaskRCNN. MaskRCNN is the 

state-of-the-art model in image segmentation and object recognition.  Several studies have 

used this model to do object detection in crop environments and agricultural fields where 

specific weeds should be recognized. As our work focused on pastures, MaskRCNN has also 

shown promising results in crop environments by other studies. We have used MaskRCNN 

in object detection, while other studies have used it for feature extraction, image 

segmentation, and object classification. Further experimentation on SSD, SSDLite and 
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FasterRCNN models could be conducted, and other studies defined when Google Colab 

provides more performance metrics.  

Future work could extend the current study to include bare spots, dry locations, and pure soil. 

The expanded data set could help to detect bare spots in a pasture and give information about 

how much of the field is not productive. With better information about field dryness, the 

farmer would be able to better manage sowing of seed and pasture cultivation. Future 

research could also be conducted to extend the object-detection model’s output to include 2-

D maps of pastures with a weed layer. Such maps would give the farmer even better insight 

into the quality of their pasture and awareness of the weed control and management tasks 

ahead of them. Connecting a weed detection model to a larger ecosystem would also 

contribute to a weed management software system. The interconnections could include other 

data such as nitrogen and methane levels, and soil characteristics. Inclusion of additional data 

like this would enable a more detailed analysis of the health of a particular ecosystem, while 

studying the relationships between the different data types would add to the general 

knowledge of farming.  

3.9- Chapter Summary  

The major problems of farming land deficiency and poor pasture yield are largely the result 

of weed invasion and weed growth. By knowing their pastures (from digital and/or historical 

data), farmers can better manage their land. This chapter has presented research aimed to 

design and train a model for weed detection in pastures. The experiments involved 50 data 

sets, more than 100 training configurations, and more than 300 hours of training. Each image 

was scaled to the desired resolution for the resolution experiment, and the weeds’ 

foregrounds were extracted with GIMP software. As California thistle is one of the most 

common weeds in New  
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Zealand pasture, most of the experiments in the study were on this thistle. Two other weeds  

(catsear and dock) were included to compare the model’s object-detection performance with 

other weeds. Detecting weeds and discriminating them from normal grass has the potential 

to become a fundamental core component in weed monitoring and control. Digital 

monitoring can then lead to automating weed management. The value of this research is that 

a weed-detection model, like the one developed and described in this thesis, has the potential 

to significantly reduce labour hours and costs in weed management while increasing the 

accuracy of digital weed monitoring. The next chapter discusses the design and development 

of a software system for weed management by using the abovementioned weed detection 

model.   
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CHAPTER 4: DESIGN, DEVELOPMENT, AND ENHANCEMENT 

OF A WEED MANAGEMENT SOFTWARE SYSTEM WITH 

MASKRCNN AND A FUZZY INFERENCE SYSTEM  

This chapter will address a part of the first research question:  

How can a context-aware system learn the studied context (pasture) and produce the 

farmers’ desired output?  

and the second research question:  

How does the context-aware system in research question one process the output and 

impact decision making on weed monitoring and clean-up?  

This chapter paper received the certificate, title, and the award of the best paper in smart and 

sustainable agriculture conference on 21–22 June 2021, Paris, France.  

4.1- Introduction  

Farm monitoring and yield maximisation are critical tasks in agriculture. Data plants can be 

analysed, processed and monitored by advanced deep learning models and object-detection 

algorithms. This study shows an innovative software system for monitoring weeds and 

scoring pastures. Two factors that reduce pasture productivity are weed density and bareness 

(patches of soil without grass). With no management of the weeds and bare areas, the pasture 

will lose a high percentage of productivity.  

 MaskRCNN is a state-of-the-art algorithm for object detection. It applies a mask and 

bounding box to an image. With two weed and bare patch data sets, the model has been 

trained and tuned for better accuracy and performance. The mask information has been used 

to quantify the number of weeds and the extent of any bare spots in each image. The 

quantification values have then been used as input data to the proposed fuzzy system for 

processing with the fuzzy rules The system scores land productivity with a value ranging 

between 0 and 1. Values close to 0 indicate that the productivity of the pasture has been 
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severely affected by weeds and bare spots, values above 0.7 and close to 0.9 indicate a 

profitable pasture, and a value close to 1 indicates a highly profitable pasture. Scoring 

pastures can help dairy farmers to manage weeds better and make informed decisions which 

will, in turn, increase the productivity of their pastures.  

 Work related to this research is presented in section 4.2. Section 4.3 discusses the 

methodology behind the research. Section 4.4 shows the results: 2-D maps of the software 

system, and yield scores. Section 4.5 discusses how more components might be added to 

increase the system’s accuracy which leads to section 4.6, a fuzzy enhancement study. The 

chapter concludes with section 4.7.  

4.2- Related Work  

 Most weed detection studies have focused on in-crop weed detection where the high contrast 

of soil colour makes it easy to detect models. However, there has been no clear discussion 

on how the output images can help farmers in pastoral weed control. Thanh Le et al. (2021) 

is an example of an agriprecision study with realistic weed images and a FasterRCNN model. 

The study shows experiments with three intersection of unions (IoU) and the detection 

latency in inference mode.  

 Jin et al. (2021) studied the application of different colour filters, such as distortions, 

brightness and blurriness, on weed images. Their study used two models for weed 

segmentation: an object-detection model and a genetic algorithm. Both models used a 

threshold for discrimination between image foreground and background.  

Bir et al. (2020) shows another in-crop weed detection model with a deep learning algorithm. 

This study focused on real-time operations of weed identification with if-then statements for 

improving the weed processing and latency of weed identification.  
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Jin et al. (2021) studies MobileNet and Visual Geometry Group (VGG) for feature extraction 

of weeds in crops. They used 15,000 training images and a CNN model for weed detection.  

They studied the detection of 10 types of leaves and evaluated each with an accuracy metric. 

Abdulsalam and Aouf (2020) uses a weed classification with the You Only Look Once 

(YOLO) model and ResNet. They investigated four types of weeds with an analysis of 

precision and recall.  

A review of the literature pertaining to weed-detection papers identified a gap in utilising 

image output for weed clean-up and management. Detecting weeds and showing them in 

bounding boxes or masks is the endpoint of many weed-detection studies. Indeed, the weed-

detection studies that were reviewed did not consider any further work on developing the 

detection results. The proposed model in this chapter explores using the detection output of 

a weeddetection model for scoring the productivity of the pasture. As noted in Chapter Two, 

a survey of dairy farmers revealed much uncertainty around weed management on New 

Zealand dairy farms. Thus, a decision-making component has been studied and integrated 

into the proposed weed-detection model for scoring pastures and converting the model to a 

decision support system (DSS).  

Susilawati, (2012) demonstrates RMA-DSS, a DSS model used in agricultural settings to 

sense the size of irrigation levels in lands. The model calculates locations for bores that would 

optimise water supply usage, and it also predicts the cultivation value of the land after the 

bore has been installed. Bonfante et al. (2019) discuss a DSS for optimising maise growth 

and production based on three methodologies: analysing soil data, crop remote sensing, and 

water flow modelling. Rinaldi and He (2014) propose a similar DSS for managing water 

supply and field irrigation. The motivation of the studied papers is to implement a DSS for 

automating a part of a farming task based on collecting selected sensor data, such as soil or 

water supply values.  
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DSSs are designed based on farmers’ existing weed control operations in the field. A simple 

behavioural framework for weed control would have three stages: observing, doing actions 

(e.g. spraying, mowing), and evaluating. The proposed DSS aims to capture the mentioned 

tasks (or sub-tasks) and their related data into models. Fountas et al. (2006) propose a data 

flow diagram (DFD) based on three main types of decision making: strategic, tactical and 

operational. They designed their decision-making model in three parts: data, information and 

decisions. Each of these parts is connected to others through data flows. Data flows between 

components show how different types of data can shape a piece of information. They also 

show how different information can lead to a specific decision. Data in DFDs are selected 

based on their efficiency and effectiveness in promoting good decision making.  

Cox (1996) suggests that a DSS model should provide technology to help farmers to develop 

routines and make systematic decisions. The DSS model needs to be predictable and 

e’aluated. Cox's (1996) model determined the optimal fertiliser rate per year and finds the 

best planting conditions. The new scheduling information help farmers to make data-

informed decisions and gives them greater insight into how to better manage their pastures.  

Macé et al. (2007) started their study with fundamental questions about weed management: 

How do farmers decide to control the weeds? Which factors do they take into account? Which 

timing intervals do they consider for weed clean-up? They proposed a model based on 15 

different farmers’ behaviours. The model demonstrates a three-stage process: first, it 

determines each type of weed; second, it specifies a routine for land treatment by a threshold; 

and third, it evaluates the procedure. Macé et al. (2007) designed their model based on 

farmers’ main questions and behaviour on weed control. Assessment and testing play a 

significant role in their model.  

 



107  

  

The research presented in this thesis considered the role of weed information in a DSS.  

Bareness and weed density data sets were included to complement the farmer’s knowledge. 

Analysis of the survey data (see Chapter Two) revealed that ryegrass could compete with 

weeds to occupy the bare spots in a pasture. It was then realised that seeding could help to 

constrain weed invasion. A trained model based on weed density and bareness data sets 

provided detection results a fuzzy system for assessing a pasture.  

Fuzzy systems are data processing models that mimic human behaviour in data and decision 

making, which means they are the clearest and most easily explained systems. Zadeh (1997) 

outlines the roles of fuzzy systems in granulation (processing details), integration (the 

capability of attaching to other software components), and causation (processing the 

causality of data). He explains that fuzzy sets and their mathematics can help formulate 

problems in a very humanistic way and with good clarity and explanations. Zimmermann 

(2001) describes fuzzy systems by their internal components:  

1- Fuzzification                    

2-Fuzzy 

rules/engine 3- 

Defuzzification.  

The fuzzification component is for converting problem data into linguistic membership 

functions; fuzzy rules are an inference engine for processing the fuzzy membership 

functions; and the defuzzification component converts the membership values into a scalar. 

Chen (2005) explains how fuzzy sets and logic can be applied to different applications and 

human problems. His book explains adding fuzzy controllers, which are used for various 

control applications. Chen describes the strength of the fuzzy engine in explaining and 

writing the causalities of a problem by fuzzy rules, which can provide an excellent method 

for modelling the complexity and uncertainty of a problem.  
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 Some studies have used fuzzy sets and systems for control and decision making. Sivamani 

et al. (2017) proposes a fuzzy system for controlling and managing animals. They use two 

factors – age and weight – as membership functions and have four output decisions: change 

diet, change diet schedule, need health check-up, and ready for a sale. Nguyen-Anh and Le-

Trung  

(2019) study the problem of adaptive programming in an Internet of Things (IoT) 

environment. They show how to use a fuzzy inference system for controlling complex 

contexts in the IoT for decision making.  

 Khanum et al. (2018) use a fuzzy system to gain knowledge about leaves and their disease 

in order to detect fungi. They used five factors of crisp input into their fuzzy system and 

evaluated the accuracy of each. Pandey et al. (2018) is another example of using fuzzy 

systems for agricultural data processing. They used crop data for disease detection to improve 

decision making on that exact timing of sprays and to reduce the error and bias of human 

decision making in agriculture. They used two fuzzy membership functions for the input 

data: wind and temperature. Their fuzzy system then triggered the fuzzy rules for detecting 

crop disease. These examples show how fuzzy systems can be used for different agricultural 

problems to help farmers improve their accuracy and timing of routine crop, stock and 

pasture management tasks.  

 Wieringa (2014) embraces the design science research (DSR) perspective, stating that after 

its initial development, any artefact should be redesigned according to stakeholders’ 

requirements in the context of a problem. Hevner (2007) defines three cyclic research steps 

in DSR. They highly respect expert knowledge in developing an artefact.  

 In the research presented in this thesis, a fuzzy rule section was designed for the weed 

software system based on the expert knowledge obtained from the survey data in Chapter 
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Two. “If-then” statements were realised to be highly supportive, as they provide knowledge 

on the causality of weeds to other factors. Therefore, the fuzzy rules of the weed software 

system are a flexible component. Fig. 4.1 shows the main components of the weed software 

system. Once an image is processed by the weed-detection model, the detections have been 

used by the fuzzy inference software system to calculate the yield score.  

  

Figure 4.1: The main components of our weed software system  

4.3- Contribution  

 Most weed-detection models do not conduct any further processing after showing the 

detected weeds in the image. The applied fuzzy inference system in this research converts 

the weeddetection model into a weed software system. One of this study’s contributions is to 

process weed outputs and apply farmers’ criteria in scoring a pasture. As scoring a pasture 

from an object-detection model has not been carried out before by any software system, the 

yield score providing by this innovative new system could be of great value to farmers. 

Furthermore, the literature review did not find any connection between object-detection 

models and other smart models/decision-making models. Thus, another contribution of the 

study is to provide an example of connectivity between an object-detection model and a fuzzy 
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inference engine for decision making. The addition of the bareness data set to the weed data 

set increases the farmers’ awareness of their pastures and is a further contribution of the 

study.  

4.4- A Combination of MaskRCNN and A Fuzzy Inference System for Yield 

Scoring  

This section explains the journey of image data from a data set to a yield score. MaskRCNN 

was used to process weed images and produce mask detections. The MaskRCNN is the first 

artificial intelligence (AI) component in this study. The second smart component is a 

powerful decision-making model (fuzzy system) for processing the image output of the 

MaskRCNN model to score a pasture.  

4.4.1- MaskRCNN  

A synthetic data set was generated to train the MaskRCNN model. The data set contained 

two objects: weed and bare spots. In the synthetic methodology, foreground objects were 

attached to empty backgrounds (see Chapter Three). Fig. 4.2 shows a schematic diagram of 

creating the synthetic data set.  

  

Figure 4.2: A schematic diagram of creating the synthetic data set  
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Multiple training and hyperparameter tuning were conducted to improve the accuracy of the 

MaskRCNN model. MaskRCNN configuration parameters such as learning rate, RoI, 

maximum instance, and ResNet backbone have been optimised through the tuning process. 

The epochs and image resolutions were also examined for the best value. The scale of 640 x 

480 was realised to be the best resolution for training. The accuracy metrics for both models 

– weed and bare spots – were recorded as well. Table 4.1 shows results from the experiments 

that examined the number of images in the training set and the precision, recall and F1score 

for each experiment. Fig. 4.3 shows the output of the weed and bareness models on an image.  

Table 4.1: Precision, recall and F1score values for weed and bareness models  

Model  Training images  Epochs  mAP  Precision  Recall  F1score  

Thistle   500  200 x 100  0.856  0.72  0.52  0.61  

Bare  500  200 x 100  0.75  0.7  0.6  0.64  

Thistle   2500  200 x 100  0.93  0.78  0.61  0.7  

Bare  2500  200 x 100  0.84  0.74  0.62  0.7  
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 (a)  (b)  

Figure 4.3 A weed image with its output results from the: 

(a) weed model, and (b) bareness model  

4.4.2- Weed/bareness quantification  

 After producing the mask results of weed images, a quantification module was applied for 

calculating the pixel counts of the masks and then the ratio of weeds:grass. If, for example, 

a mask array has the shape of (480, 640, 7), it has detected an image with a resolution of 640 



113  

  

x 480 pixels with seven 2-D arrays, each corresponding to a detected weed in the output 

image. Each of the mask arrays in the 480 x 640 scale has a value of 1.  

 Each of the masks is contained within a bounding box, and the model’s output includes the 

coordinates of the top left and bottom right of the bounding boxes. These coordinates allow 

area of each box to be computed, hence giving an estimate of the total area covered by a 

weed. Intersectional regions can be calculated for overlapping boxes and subtracted from the 

total area of boxes. This calculation has been ignored to reduce the complexity of the model.  

Another plausible approach for quantification is to consider the mask arrays. A method that 

allows the mask arrays be stacked and the non-zero pixels in the flattened 2-D array to be 

counted can be used as the quantification module. Dividing the count of non-zero pixels by 

the total pixels in an image will give a weed coverage ratio. Equation (8) show the 

quantification stages for calculating the weed/grass ratio. The sigma in (8) counts the pixels 

of recognised weeds, which are equal to 1.  

 

 

                            𝑇 = ∑ 𝑟[: , : , 𝑖]𝑤𝑒𝑒𝑑𝑠
𝑖=1                                                                                    (8) 

  

Equation (9) shows the condition used to count the pixels of weeds, which should be greater 

than 0.  

                           𝑇𝑤𝑒𝑒𝑑 = 𝑀𝑎𝑠𝑘 > 0                                                       (9) 

Equation (10) shows the formula for calculating the weed:grass ratio according to (8) and 

(9).  

  

                                                                                                

                         𝑇ℎ𝑒 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 𝑤𝑒𝑒𝑑 =  
𝑇𝑜𝑡𝑎𝑙 𝑤𝑒𝑒𝑑 𝑝𝑖𝑥𝑒𝑙𝑠

𝑇𝑜𝑡𝑎𝑙 𝑖𝑚𝑎𝑔𝑒 𝑝𝑖𝑥𝑒𝑙𝑠
=

∑𝑇𝑤𝑒𝑒𝑑𝑠

640 x 480
               (10)  
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Equation (11) uses the same approach for calculating the bareness:grass ratio   

                𝑇ℎ𝑒 𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝑟𝑎𝑡𝑖𝑜 𝑜𝑓 𝑤𝑒𝑒𝑑 =  
𝑇𝑜𝑡𝑎𝑙 𝑏𝑎𝑟𝑒 𝑝𝑖𝑥𝑒𝑙𝑠

𝑇𝑜𝑡𝑎𝑙 𝑖𝑚𝑎𝑔𝑒 𝑝𝑖𝑥𝑒𝑙𝑠
=

∑𝑇𝑏𝑎𝑟𝑒 𝑝𝑎𝑡𝑐ℎ

640 x 480
  

   

(11)  

 

By using the same approach in (10) and (11), two scalars can be achieved, which is the input 

of the fuzzy inference system.  

4.4.3- Fuzzy inference system  

Before introducing fuzzy measures, traditional tools for formal modelling, reasoning and 

computing were inherently crisp, deterministic and precise. The outcomes were known to be 

dichotomous, which is yes-or-no or 0-1 rather than more-or-less. A statement can be true or 

false; an element either belongs to a set or not; and a solution is either feasible or not. This 

absolute precision illustrates that the model is unequivocal and contains no ambiguities.  

 However, real situations are very often not deterministic and cannot be described precisely.  

“As the complexity of a system increases, the ability to make exact and yet significant 

statements about its behaviour diminishes. Defining non-crisp and linguistic functions for an 

uncertain process can lead to a better explanation.” This statement was made by Zadeh (1997) 

and confirmed by Zimmermann (2001), about the vagueness called fuzziness. The concept 

of uncertainty was first introduced in the 1960s and can be found in many problems. In 

mathematics, fuzzy set theory was introduced to generalise the classical notion of a set and 

accommodate the notion of fuzziness.  
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5.4.3.1- Fuzzy sets  

A fuzzy set is a pair (U, m) where U is a set and m:U → [0,1] a membership function. For 

each x ∈ U, the value m(x) is called the grade of membership of x in (U, m). The function m 

is called the membership function of the fuzzy set A = (U, m). By considering m(x) = 0 and 

m(x) = 1, the characteristic function of a set can be obtained, as defined in classical set theory. 

This function would be an indicator of non-members and members of a crisp set. Fuzzy set 

generalises this binary function by allowing partial membership, whereby larger values 

denote a higher degree of membership and smaller values denote a lower degree of 

membership.  

To illustrate, S is the set of all real numbers, and let Sf = {s ∈ S | s is positive and large}. This 

subset, Sf, is not well defined in classical set theory because “large” is vague. The 

introduction of a meaningful membership function, 𝜇𝑠 to measure the property “large” helps 

to define a fuzzy set. (12) shows the description of a fuzzy membership function.  

0, 𝑖𝑓 𝑠 ≤ 1 

  𝜇𝑠𝑓 = {1 − 𝑒−𝑠,ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
  

(12)  

This was the definition used for the input data of the systems: weed density and bare spot.  

Fig. 4.4 shows the mathematical description of a fuzzy membership.  

  

Figure 4.4: A fuzzy membership function  
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Similarly, as shown in Fig. 4.4, a membership function can be defined for the subset S.  

Fig. 4.5 shows six examples of fuzzy membership functions: triangular, trapezoidal, 

Gaussian, pending, linear and bell.  

 

Figure 4.5: Six types of fuzzy membership functions  

For the simulation, the universes of discourse for weed density (WD) and bareness (BR) are 

selected to be [0, 1]. The sets of linguistic values for the linguistic variables WD and BR are 

[LO, MO, HI], which represent [low weed coverage, moderate weed coverage, high weed 

coverage] and [low barrenness, moderate barrenness, high barrenness], respectively. The set 

of linguistic values for the system’s output of pasture yield is [EX, GD, AV, PR, VP], which 

represents [excellent yield, good yield, average yield, poor yield, very poor yield], 

respectively. Due to its simplicity, the triangular membership function has been chosen for 

the fuzzy membership function in input and output. (13) shows the triangular formula for the 

fuzzy membership functions used in this study.  
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𝜇 =

{
  
 

  
 

0, 𝑖𝑓 𝑥 ≤ 𝐴1
𝑥 − 𝐴1
𝐴2 − 𝐴1
𝐴2 − 𝑥

𝐴3 − 𝐴2

, 𝑖𝑓 𝐴1 < 𝑥 ≤ 𝐴2  𝑜𝑟 𝑖𝑓 𝐴2 < 𝑥 ≤ 𝐴3

1, 𝑖𝑓 𝑥 > 𝐴3

 

(13) 

 Fig. 4.6 shows the fuzzy membership functions for weed density and bareness.  

 

Figure 4.6: Two triangular fuzzy membership functions for weed density and bareness  

Equation (14) shows the mathematical representation of fuzzy input functions in the weed 

software system.  

 𝜇𝐿𝑂 = {

0, 𝑖𝑓 𝑥 ≤ 0
0.5 − 𝑥

0.5
, 𝑖𝑓 0 ≤ 𝑥 ≤ 0.5

1, 𝑖𝑓 𝑥 > 0.5

 (14) 

Fig. 4.7 shows the triangular fuzzy membership functions for pasture yield. Five attributes have 

been defined for the output:  

1- very poor  

2- poor  

3- average  

4- good  

5- excellent.  
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Figure 4.7: The fuzzy membership function for pasture productivity  

Equations (15)–(19) show the formulae for creating membership functions for pasture productivity 

(a yield score).                               

 𝜇𝑉𝑃 = {

0, 𝑖𝑓 𝑥 ≤ 0
25 − 𝑥

25
, 𝑖𝑓 0 ≤ 𝑥 ≤ 25

1, 𝑖𝑓 𝑥 > 25

 (15) 

 

𝜇𝑃𝑅 =

{
 
 

 
 

0, 𝑖𝑓 𝑥 ≤ 0
𝑥

25
, 𝑖𝑓 0 ≤ 𝑥 ≤ 25

50 − 𝑥
25

, 𝑖𝑓 25 < 𝑥 ≤ 50

0, 𝑖𝑓 𝑥 > 50

 

(16) 

 

𝜇𝐴𝑉 =

{
 
 

 
 

0, 𝑖𝑓 𝑥 ≤ 0
𝑥 − 25

25
, 𝑖𝑓 25 ≤ 𝑥 ≤ 50

75 − 𝑥
25

, 𝑖𝑓 50 < 𝑥 ≤ 75

1, 𝑖𝑓 𝑥 > 75

 

 

(17) 
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𝜇𝐺𝐷 =

{
 
 

 
 

0, 𝑖𝑓 𝑥 ≤ 50
𝑥 − 50

25
, 𝑖𝑓 50 ≤ 𝑥 ≤ 75

100 − 𝑥
25

, 𝑖𝑓 75 < 𝑥 ≤ 100

1, 𝑖𝑓 𝑥 > 100

 

(18) 

 

𝜇𝐸𝑋 =

{
 
 

 
 

0, 𝑖𝑓 𝑥 ≤ 0
𝑥

25
, 𝑖𝑓 0 ≤ 𝑥 ≤ 25

50 − 𝑥
25

, 𝑖𝑓 25 < 𝑥 ≤ 50

1, 𝑖𝑓 𝑥 > 100

 

 

(19) 

 

4.4.3.2- Fuzzy rules  

Fuzzy logic can resemble approximate human reasoning and thinking using imprecise 

propositions, allowing the representation of vagueness and uncertain inputs. Fuzzy logic has 

been applied in many fields, from control theory to artificial intelligence. There are three main 

stages in any fizzy inference system:  

1- Fuzzification: converting crisp values into fuzzy membership functions  

2- Fuzzy rules’ excitement: execution of fuzzy rules to drive a fuzzy output, and 3- 

Defuzzification: Converting output membership functions into crisp values.  

There are two types of fuzzy inference systems: Mamdani and TSK-type (Chen, 2005). The 

two types of inference systems differ in determining the consequences. Mamdani’s inference 

method specifies that the consequent is defined by a fuzzy set and follows the structure of (13).  

An inference engine defines the fuzzy system proposed by Takagi, Sugeno, and Kang. The 

conclusion of fuzzy rules is decided by a weighted linear combination of the crisp inputs rather 

than a fuzzy set. The Mamdani type has been used for the software system. Fig. 4.8 shows the 

fuzzy network for scoring yield scores based on weed density and pastoral bareness.  
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Figure 4.8: The fuzzy network for scoring yield based on weed density and pastoral bareness  

Nine fuzzy rules were defined for scoring the pasture and yield productivity. Each rule is an 

ifthen statement, which translates the input data (weed density and bareness) into a yield score 

(see Table 4.2). The rules are the internal part of a fuzzy inference system. Section 4.6 includes 

a discussion on how the rules could be elaborated and extended based on the results from the 

survey data and other weed influencing factors.  

Equation (20) shows the Mamdani formula that was used to calculate the yield score according 

to input and fuzzy rules. Fig. 4.9 shows the main types of software involved in the development 

of the weed software system: the weed-detection component, the quantification component, 

the fuzzy inference system, and the ANFIS design for optimising the software system.  

  

𝐹(𝑥) =
∑ 𝑦−1∏ 𝜇𝑖

𝑙(𝑥𝑖)
𝑖𝑛𝑝𝑢𝑡
𝑖=1

𝑟𝑢𝑙𝑒𝑠
𝑙−1

∑ ∏ 𝜇𝑖
𝑙(𝑥𝑖)

𝑖𝑛𝑝𝑢𝑡
𝑖=1

𝑟𝑢𝑙𝑒𝑠
𝑙−1

 
(20) 
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Table 4.2: Fuzzy rules of the weed software system  

Rules No.  Rule  

1  IF (weed density (WD) is low) and (barrenness (BR) is low) THEN Yield is excellent  

2  IF (WD is moderate) and (BR is low) THEN Yield is excellent  

3  IF (WD is high) and (BR is low) THEN Yield is good  

4  IF (WD is low) and (BR is moderate) THEN Yield is good  

5  IF (WD is moderate) and (BR is moderate) THEN Yield is average  

6  IF (WD is high) and (BR is moderate) THEN Yield is poor  

7  IF (WD is low) and (BR is high) THEN Yield is poor  

8  IF (WD is moderate) and (BR is high) THEN Yield is very poor  

9  IF (WD is high) and (BR is high) THEN Yield is very poor  

  

  

Figure 4.9: The three components of the weed software system:   

weed-detection, quantification, and fuzzy inference  

4.5- Weed Knowledge: Pasture Assessment  

This section presents the results, scores and 2-D maps that have been produced with the weed 

software system. For fuzzy inference, Python skfuzzy and skfuzzy control packages were 

installed and used. Fig. 4.10 shows the scores of the weed software system on five pastoral 

images. The first column shows the pastoral images, and the second and third columns reflect 
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the weed density and bareness in the paddock. The fourth column shows the fuzzy output, and 

the fifth column represents the yield score.  

 

Figure 4.10: The scores of the weed software system on five pastoral images  

A robot or a drone can be programmed to recognise field coordinates and cover a field. 

DeployDrone is an application that can automate programming and image collection. The 

drone can fly over a building, land or farm and record the landscape with captured images. Fig. 

4.11 is a diagram of the drone process. The application records each tile with an image, and 

the system can use the individual images for score processing.  
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Figure 4.11: A schematic diagram of a drone recording pasture in tiles  

Fig. 4.12 shows one example of an area of pasture with three 2-D maps created to demonstrate 

weed density, bareness and yield productivity. The top image is a tile of weed images, and the 

red 2-D map (bottom-left of the figure) shows the state of weed density in the pasture. The blue 

map shows the bareness, and the green one shows the productivity of each tile. Darker squares 

represent lower profitability, while lighter squares indicate more productive parts. The 

produced score for the studied land is 84.27.  
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(b) Weed density  

2-D map  

(d) Productivity  

2-D map  

(c) Bareness  

2-D map  

Figure 4.12: 2-D maps of weed density, bareness and productivity for a simulated pasture  

Fig. 4.13 demonstrates a scatterplot of weed density and bareness on the two axes and the score 

yield as the size of each plot.  
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Figure 4.13: The yield score according to weed density and bareness  

  

4.6- System Enhancement  

This section presents the results from the experiments that were conducted on the fuzzy 

inference system to evaluate its accuracy on yield score. The Laboratory Matric (MATLAB) 

software tool was selected as the environment. An ANFIS model was also coded and  

implemented to train the pastoral data for yield score.  

ANFIS is a combination of a fuzzy inference system and a neural network (NN). The NN 

enables the fuzzy inference system in training. Training the fuzzy inference system could be 

evaluated, and better metrics could be achieved in yield score assessment. Paired pastoral data 

was used as the training data set. The paired data contained weed density and bareness as input 

and the output was yield score. Therefore, the training data set for ANFIS has two inputs and 

one output – a total of 3 columns. The training process allows the evaluation of the fuzzy 

inference system and increases its accuracy by different tunings. The root mean squared error  

(RMSE) error was selected as the evaluation metric; see (21).  
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 𝑅𝑀𝑆𝐸 =  √
1

𝐷𝑎𝑡𝑎
∑ (𝑦(𝑥𝑖) − 𝑦0(𝑥𝑖))2
𝐷𝑎𝑡𝑎

𝑖=0

 (21) 

where:  

Y is the yield score  

Y0 is the ANFIS output, and  

Data represents the number of subtraction in sigma according to the number of data points.  

For comparing the model’s performances, two cases were considered:  

1- static parameters for calculating the yield score, and 2- 

dynamic parameters for calculating the yield score.  

The static case had no training of the parameters, whereas for the dynamic case, the internal 

parameters of the system were trained. The errors of both cases were recorded. One hundred 

data points were selected as the training data set. Fig. 4.14 shows the errors of the two cases: 

the static system and the dynamic fuzzy system. The DSS without any training and parameter 

enhancement had an error of 0.25, which is shown as a red dot in Fig. 4.14.  

  

Figure 4.14: The errors of the static and dynamic cases  



127  

  

Fig. 4.15 is the algorithm of the study. The first component is the weed-detection model trained 

by several pastoral images. In the next stage, the images are quantified by producing crisp 

numbers representing weed density and pastoral bareness. The crisp numbers are the input data 

of the fuzzy inference system. The rules and defuzzification components then produce the yield 

score. Then the ANFIS model is used to train the fuzzy membership parameters. The training 

was evaluated by the RMSE metric.  

4.7- Discussion  

With the coordinates and area of a piece of land, an exact scaling could be calculated to measure 

the areas of weed coverage and bareness. The scaling number should be adjusted after an image 

resolution has been determined. The scaling number is the proportion of land’s area to the 2-D 

map.  

A time series data set (Table 4.3) can be created by recording scores at specific time intervals. 

The dairy farmers can then use the time series data to see changes in weed growth or the 

pasture’s yield score over time. Using the time series data, weed growth can be predicted and 

a proactive spray schedule applied accordingly.  

Farmers can have much greater granular insight into their pastures and identify the 

unproductive areas with the proposed maps. They can then take actions only on those 

unproductive parts instead of taking uniform action across the whole pasture. In other words, 

the maps will enable farmers to be proactive and “spot-wise”.  

In the rule section of the fuzzy system, more factors could be included for decision making.  

Farmers’ knowledge gleaned through the survey data suggested that external factors such as wind, 

humidity, temperature and seasonal change could all play a role in weed density.  
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Input and notations  

Input: N: Number of images for a pasture  

Image processing section  

For 1 to N do  

  Calculate the weed density of image(i)  

  Calculate the bareness of image(i)  

End for  

Quantification section  

For each image produce the crisp numbers of weed density and bareness  

Fuzzy Inference section  

Fuzzify the weed density and bareness values  

Incite the rules  

Calculate the fuzzy scores of each image  

Defuzzify  

Average the scores of all images of pastures  

Results: Scoring section  

ANFIS section  

Prepare the yield score data as paired for training  

Configure the ANFIS structure  

For 1 to Epochs do  

  Train the weights(j) of neurons of ANFIS  

  Apply the changes to weights  

  Record the RMSE  

End for  

Output : the last value of RMSE  

Figure 4.15: The algorithm for calculating a yield score for a pasture  and 
the fuzzy system evaluation  
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Table 4.3: A small data set of generated of the weed software system  

#Number   Date   Weed density  Bareness  Yield score  

0.3432  3-2-2021  0.0635  76.83  0.3432  

0.2273  3-3-2021  0.0747  73.89  0.2273  

0.0947  3-4-2021  0.1238  73.5  0.0947  

0.0947  3-5-2021  0.0224  84.4  0.0947  

0.1227  3-6-2021  0.1548  71.16  0.1227  

Many of the farmers in the survey stated that monitoring tiny weeds and killing them in a 

realtime fashion is very important. The proposed system can detect tiny weeds by a pixel 

threshold, using the scaling factor explained above. Knowing the number of tiny weeds, a 

threshold could be assigned in a rule. (22) shows an example of an extended rule that 

incorporates some of these factors.  

𝑖𝑓 (𝑤𝑒𝑒𝑑 𝑔𝑟𝑜𝑤𝑡ℎ 𝑖𝑠 ℎ𝑖𝑔ℎ) 𝑎𝑛𝑑 𝑖𝑓(𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 𝑖𝑠 𝑙𝑜𝑤) 𝑎𝑛𝑑  

  (22)  

𝑖𝑓 (𝑤𝑖𝑛𝑑 𝑖𝑠 𝑏𝑒𝑐𝑝𝑜𝑚𝑖𝑛𝑔 ℎ𝑖𝑔ℎ)𝑎𝑛𝑑 𝑖𝑓 (𝑏𝑎𝑟𝑒𝑛𝑒𝑠𝑠 𝑖𝑠 𝑙𝑜𝑤)  

𝑎𝑛𝑑 𝑖𝑓 (𝑤𝑒𝑒𝑑 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑖𝑠 ℎ𝑖𝑔ℎ)(𝑡𝑖𝑛𝑒 𝑤𝑒𝑒𝑑𝑠 𝑎𝑟𝑒 𝑎𝑏𝑜𝑣𝑒 35%)𝑑𝑜 𝑠𝑝𝑟𝑎𝑦  

A Python captioning package could be programmed to create captions according to weed 

density and other factors to automatically describe a pasture. The suggested captioning 

component can generate automatic text.  

4.7- Chapter Summary  

This study has shown a successful integration of two artificial intelligence models – an 

objectdetection model and a fuzzy system – to score a dairy field. Scoring a pasture or dairy 

farm has not been studied before. An initial survey revealed that many dairy farmers in New 

Zealand lack sufficient knowledge for efficient pasture management. They do most of their 

weed control in person and routinely without any online tool or application to support them in 

monitoring and scoring their fields. The chapter showed the design and development of an 
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innovative software system that assesses and scores a pasture by processing two random 

variables that affect a pasture’s productivity: weed density and bare spots. The proposed 

software system can provide farmers with information about their land at a granular scale; for 

example, by generating 2-D maps that represent the pasture quality. Thus, the system will be 

supporting farmers to make informed decisions about efficient weed control in their pastures.  

The next chapter discusses a proposal for a collaborative system for weed management.  
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CHAPTER 5: A COLLABORATIVE FRAMWORK FOR WEED  

MANAGEMENT  

This chapter will address the third research question:   

How can the farmers/stakeholders use the software system of research question 2 to improve 

weed management collaboratively?  

5.1 Introduction  

Weeds are a major problem in pastures. Detecting weeds with object-detection algorithms are 

the first step to automating the monitoring of pastures for weed management. In the third stage 

of the research, software system was designed for scoring a pasture based on weed density and 

paddock bareness. Weed density, paddock bareness and pasture scores were considered to be 

the primary attributes of a data set. In the proposed data set, each row represents a state of 

pasture on a specific date. By recording a pasture’s state after spraying, or after any other weed 

management actions, the related rows of the data set indicate the impact of the action. A small 

data set can be generated by extended monitoring of a pasture and recording the primary 

attributes in specific time intervals, with each row demonstrating one monitoring action.  

This thesis proposes a weed management recommendation system based on AKIS software. 

More fundamental attributes were added to the original data set to complement the proposed 

data set. Attributes such as environmental factors could be essential in a weed data set because 

weed growth is influenced by climatic and soil conditions. The attributes are for recording the 

state of a particular pasture a on a specific date. According to the survey (see Chapter Two), 

the single most important piece of data worth recording is the date that action was taken against 

weeds. More than 90% of the surveyed farmers scored this as worth recording, indicating that 

farmers believe that the date of the action is crucial in their weed management programme.  
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Therefore, the goal became to use the weed data set to predict the impact of a weed action based on 

a date.  

In the next stage of creating the data set, another column (“Impact”) was defined based on the 

score values. This column addresses the future impact of a weed action. By predicting the 

impact of an action on a future date, farmers can gain insight into the likely impact of a future 

and carry out their weed management plan more confidently and at optimal times.  

Two further ideas were addressed that can be achieved from the weed software system: weed 

data set collaboration and weed model federation. By collaborating on a weed data set, farmers 

can share their experiences and learn about weed management practices on other dairy farms. 

Federated learning is an emerging topic in artificial intelligence (AI); it can improve the 

efficiency of many AI models by integrating local knowledge. The methodology used in 

federating a weed model among farmers for better weed detection is described in section 5.5.  

 This chapter is structured as follows: section 5.2 presents work related to the research; section 

5.3 discusses the weed data set creation and collaboration; and section 5.4, the weed model 

deployment. An overview of the research is discussed in section 5.6, and section 5.7 concludes 

the chapter.  

5.2 Related Work  

The literature was reviewed for state-of-the-art papers that discussed and studied 

knowledgesharing systems, with a particular focus on data collaboration and model federation. 

The literature review identified AKIS as a possible system for knowledge sharing in 

agriculture.  

The United Nations’ Food and Agriculture Organization (FAO) firstly introduced the concept 

of AKIS (Maria, 2015). The topic evolved from the Agricultural Knowledge System (AKS), 



133  

  

which aimed to produce knowledge from any agricultural tasks (manual or automatic) by any 

actors involved in an agricultural system. Adding “I” to AKS, as the acronym of innovation, 

led to AKIS, which aimed to complement the system by sharing agricultural information 

among the members. The question was now how to build on the concept of AKIS and adapt it 

for use as a weed management system. Two adaptations were proposed, one adapting the data 

(weed data) and the other the actors (dairy farmers). Therefore, the next step was to develop a 

system that would share weed data knowledge through collaboration among dairy farmers.  

Kaine et al. (1999) defines AKIS in terms of network management and applied network 

analysis. Their study shows how the performance of individual network members in an 

agricultural system and its network structure can influence the success of an AKIS. Their study 

also depicts an AKIS as a method for technology transfer. A three-staged methodology was 

suggested in Kaine et al.'s (1999) study to define their proposed AKIS:  

1- To detect members and organisations who want to attach to the collaborative system  

2- To detect the links between the members  

3- To detect the nature of links between members.  

Some examples of knowledge in existing AKIS include irrigation data, harvesting data, 

awareness of methods used to maintain farming lands, and cultivation techniques (Qhz et al., 

2017). Knowledge considered for inclusion in an AKIS for the research presented in this thesis 

included weed data, spraying dates and geographical locations of pastures, among others.  

The Ministry of Health (2011) describes the learning and knowledge-sharing aspects of an 

AKIS, illustrating how actors such as farmers, researchers and government officials can learn 

from a collaborative agricultural system. The report highlights the role of farmers as being at 

the heart of data generation in such a system, and the role of the network in supporting 

innovation. Gardeazabal et al. (2021) defined knowledge gain in an AKIS system as technology 
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transfer or innovations. Ingram and Maye (2020) provide a path from AKIS to decision making 

by new demands, relations and tensions to advise and support farmers in their tasks.  

Table 5.1 shows a summary of the peer-reviewed papers and their key findings relating to  

AKIS. The papers depict the role of actors and data as two fundamental elements in any AKIS. 

Increasing the functionalities in AKIS is highlighted in studies; for example, by sharing 

knowledge, innovations in farmers’ experiences, and decision making.  

Table 5.1: A summary of peer-reviewed papers about AKIS  

No  Paper  Key findings  Location  

1  Kaine et al. (1999)  The role of individual nodes in a 

network for knowledge sharing  

Southeastern  

Australia  

2  Qhz et al. (2017)  The role of information circulating 

in an AKIS  

India  

3  Ministry of Health  

(2011)  

The critical point of sharing 

information in an AKIS  

Nigeria  

4  Gardeazabal et al.  

(2021)  

Technology transfer in an AKIS  USA  

5  Ingram and Maye (2020)  An AKIS as a leader of decision 

making  

England  

The research presented in the following sections of this chapter builds on the knowledge gained 

from the existing literature and shows how to adapt a weed management system to an AKIS 

for sharing knowledge among dairy farmers. Section 5.3 describes the new data set for weed 

management that was developed to record the essential data for a weed collaboration system 

in an AKIS. Deployment of the system, by considering the weed model on both the client or 

server side, is presented in section 5.4. A weed collaboration platform is then proposed, and 

section 5.5 describes how the researcher developed a knowledge sharing model by using 

federated learning. The chapter finishes with a discussion of the research and a brief 

conclusion.  
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5.3 Weed Data Set Creation and Collaboration  

5.3.1 Weed data set creation  

Using weed density and bareness as two main input data of pastures, a fuzzy inference engine 

can provide quantified values for a pasture. A “crisp” number explains a pasture’s state – its 

“yield score”. The dairy farmers who were surveyed (see Chapter Two) identified temperature, 

wind and humidity as key climatic factors that influence weed density and growth in a pasture. 

First, a weed data set is proposed with other data attributes such as the date of monitoring the 

pasture, weed name, the location of the field, etc. Then a conceptual model to represent the 

factors in the software system is proposed.  

Table 5.2 shows the proposed data set with the required metadata/attributes and the yield score 

of the pasture. Rows 1–9 describe the weed knowledge attributes, and rows 10–12 are the 

results from a weed mangement action. The proposed data set is a simple representation of 

weed knowledge. The proposed data set is simple, but it can be easily extended when more 

attributes that impact weed growth are recognised.  

For instance, currently spray attribute (row 7) records the number of days after the last spray, 

and this could be elabored to, for example, one day after spray, two days after spray, etc. Spray 

attribute (row 7) could also be extended to include details such as the type of spray used, 

amount of spray, etc.  

The surveyed farmers indicated that knowing about tiny weeds is important because it enables 

them to take pre-emptive actions to stop the weeds from growing larger. Therefore, another 

example of how the proposed data set could be extended would be to add the attribute “tiny 

weeds” into the data set; this would increase the granular visibility of the pastures being 

monitored. Larger weeds cost farmers more time and money to control, so destroying weeds 

at a small, immature stage is an important part of pasture management.  
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Table 5.2: A metadata/column description of weed knowledge used in the study  

No.  Attribute  Description  

1  Date  The date when a snapshot is taken  

2  Longitude  The geographical longitude of the pasture  

3  Latitude  The geographical latitude of the pasture  

4  Temperature  The temperature of the day  

5  Humidity  The humidity of the day  

6  Wind  The average wind speed of the day   

7  Spray  Time of spray, the number of days after the last spray  

8  Cost  The cost of the last time spray  

9  Name  Name of the weed  

10  Overall bareness  The number explaining the overall bareness of the field  

11  Overall weed density  The number explaining the overall weed density of the field  

12  Yield score   The crisp number explains the overall productivity of the field  

Table 5.3 demonstrates a simulation of the weed data set, with the columns being the proposed 

attributes from Table 5.2 and the seven rows each being a record of the field monitoring results 

from a specific date. For simplicity, the values of three columns (Date, Number of days after 

last spray, and Yield score) have been shown, and the rest have been ignored.  
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Table 5.3: Simulation of seven rows of the weed data set  

No  Date  2  3  4  5  6  No. of days after 

last spray  

8  9  10  11  Yield 

score  

1  3-1-2021  #  #  #  #  #  12  #  #  #  #  0.73  

2  10-1-2021  #  #  #  #  #  19  #  #  #  #  0.65  

3  17-1-2021  #  #  #  #  #  1  #  #  #  #  0.55  

4  24-1-2021  #  #  #  #  #  7  #  #  #  #  0.88  

5  30-1-2021  #  #  #  #  #  14  #  #  #  #  0.46  

6  7-2-2021  #  #  #  #  #  21  #  #  #  #  0.49  

7  14-2-2021  #  #  #  #  #  28  #  #  #  #  0.66  

Row 1 depicts the first field monitoring, on 3 January 2021, 12 days after the last spray. The 

second row depicts the monitoring update seven days later, on 10 January 2021. There have 

been no further weed control actions, so column 7 indicates it is 19 days after the last weed 

spray. The third row shows the pasture monitoring update on 17 January 2021. Column 7 

indicates it is one day after the last spray, so further spraying must have been carried out on 16 

January 2021. Row 7 shows the last monitoring update, on 14 February 2021 and 28 days after 

the last spray, indicating that there has been no further weed control since the last spray on 16 

January 2021.  

The weed data set enables further analysis, such as studying any correlation between weed 

management and pasture attributes. For instance, the cost attribute, which represents the 

amount of spray used, could be analysed to see how increasing or decreasing the spray quantity 

can affect the pasture attributes (pasture bareness, weed density and yield score). Spending 

more money on spray will clearly destroy more weeds, but the analysis will explain how 

effective the spraying would be over a defined period. Likewise, correlation between weed 

density and environmental factors could be studied. For instance:  
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1- correlation between temperature (attribute 4) and weed density (attribute 11)  

2- correlation between average wind speed (attribute 6) and weed density (attribute 11)  

3- correlation between humidity (attribute 5) and weed density (attribute 11)  

4- correlation between temperature (attribute 4) and overall bareness of the pasture  

(attribute 10).  

5.3.2 A study on proactive weed management  

The survey analysed in Chapter Two revealed that few dairy farmers in New Zealand record 

any data about their weed management actions. Without data, farmers have limited knowledge 

and so are constrained in their ability to make informed choices about effective weed 

management strategies. Using the weed data set, including entering data from their own farms, 

will help farmers to better manage the weeds in their pasture, and hence improve pasture 

quality and productivity.  

With its weed-detection software and fuzzy inference system, the proposed model will be able 

to provide recommendations to farmers about the best timing for weed spraying. According to 

the survey, farmers schedule spraying their fields based on “experience”, without further 

knowledge or historical data from previous weed control actions. With the data set, farmers 

will be able to predict the impact of a spray action on pasture productivity and compare this 

with predicted pasture productivity if there were no weed control action; and, furthermore, they 

will be able to make these predictions before doing any actual spraying. The data set will help 

farmers to evaluate the outcomes of their actions and give them better insight into how to 

implement future weed control actions.  

Thus, Table 5.3 was developed further to include an “Impact” column, which stores the field 

productivity of the yield score column for prediction purposes. The resulting table is shown in  
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Table 5.4. The new column, column 13, represents the impact of each spray event and is calculated 

by averaging the next 30 values of column 12 after the current date; that is, averaging the post-spray 

yield scores. For instance, the first value of impact should be calculated from the values of column 

12 between rows 2 and 31; that is, the next 30 pieces of data. (25) shows how the impact score is 

calculated. The p value in the formula shows the prediction interval. A small p value gives a short-

term prediction while a larger p value processes more data and so provides a longer-term prediction. 

The n in the formula is the row for which the impact is being calculated. Note that n refers to the 

date after the spray event so, for instance, n = 0 in (25) will calculate the impact of the first row, 

and n = 4 will calculate the impact of the 5th row.  

Table 5.4: The weed data set from Table 5.3 with the addition of an “Impact” column  

No  Date  2  3  4  5  6  No. of 

days after 

last spray  

8  9  10  11  Yield 

score  

Impact  

1  3-1-2021  #  #  #  #  #  12  #  #  #  #  0.73  0.635  

2  10-1-2021  #  #  #  #  #  19  #  #  #  #  0.65  0.595  

3  17-1-2021  #  #  #  #  #  1  #  #  #  #  0.55  0.6225  

4  24-1-2021  #  #  #  #  #  7  #  #  #  #  0.88  #  

5  30-1-2021  #  #  #  #  #  14  #  #  #  #  0.46  #  

6  7-2-2021  #  #  #  #  #  21  #  #  #  #  0.49  #  

7  14-2-2021  #  #  #  #  #  28  #  #  #  #  0.66  #  

   

 
𝑖𝑚𝑝𝑎𝑐𝑡(𝑛) = ∑

𝑆𝑐𝑜𝑟𝑒(𝑖)

𝑝

𝑖=𝑛+𝑝

𝑖=𝑛+1

 
(25) 

where: p is the prediction interval  

n is the row number, and                                                           

impact is a prediction of how effective the spray actions will  be.  
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Based on a simulated calculation of impacts with a moving average (MA) model and choosing 

p as 4, the best impact score in Table 5.4 is 0.635 (in row 1). This means the weed clean-up 

action that had the most impact was on 22-12-2020; that is, 12 days before 3-1-2021.  

The simplicity of the model means that other attributes could be included in the impact score. 

For instance, columns 10 and 11 (overall bareness of the field and overall weed density of the 

field, respectively) could also be averaged over time to add further information to the impact 

score.  

An ML method could be used to predict impact by processing the rest of the other columns in the 

data set. ML models currently in use include:  

1- moving average (MA)  

2- support vector machines (SVM)  

3- K-Nearest Neighbour (KNN) 4- Random Forest (RF).  

Fig. 5.1 shows the mechanism for proactive decision making on weed spraying. The data set is 

filled up by the weed software system and other systems recording the environmental factors. 

After the Impact column has been generated, it can be used for prediction purposes. If the 

predicted impact is above 75% of the average impact, then this would be a good time to spray.  

Otherwise, dairy farmers should wait for another time in the future.  
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Figure 5.1: The weed spraying proactive mechanism  

5.3.3 Weed data set collaboration  

This section presents the methodology used to create the data set for the proposed weed 

software system. The pseudocode used to create the global data set for collaboration is shown 

in Fig. 5.2.  
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Input  

Local data set 1 

Local data set 2 

…. 

Local data set n 

Global data set = empty 

For i from 1 to n : do 

Merge (local data set(i), global data set) 

Sort global data set by data column  

Figure 5.2: The pseudocode used to create the global data set  

A collaborated data set can be thought of as both a repository for local data sets and a federated 

environment for models.  

5.4 Weed Model Deployment  

This section describes the deployment of the weed-detection model on the Internet. Two models of 

deployment were considered:  

1- model on the client side  

2- model on the server side.  

For clients to be able to communicate with the weed model, it must first be converted to a 

lighter model suitable for the Internet. So, the h5 model, which is the trained model by the 

MaskRCNN algorithm, should be converted to a lighter one, such as a TensorFlow light. All 

the weed-detection processing can then be conducted on the client side; that is, by the farmers.  
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If the model is to be deployed on the server side, then no conversion is needed. However, some 

latency is expected when transferring the model between client and server.  

Fig. 5.3 shows the configuration of the two models in deployment. The weed-detection model 

resides on the client side in the client model, and on the server side in the server model.  

  

Figure 5.3: Two models for deploying the weed software system  

Each model has its strengths and weaknesses. Table 5.5 compares the two models.  

Table 5.5: A comparison of the two models  

Model type  Model  

resides on  

Strengths  Weaknesses  

Client 

model  

client side  1- Image and model in one 

place  

1- Lower accuracy  

2- Operation  for  model 

conversion  

Server 

model  

server side  1- Higher accuracy   1- Latency  

2- Impacts of network  
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After detections, the results should be saved in a standard format for an easy transfer between 

client and server, and vise versa. Fig. 5.4 is a snapshot of a JSON file, which structures and 

stores the essential data such as time, location, weed type, etc. of the weed model.  

 
  

Figure 5.4: A JSON file for weed detections  

5.5 Weed Model Federation  

MaskRCNN is a large model, and the first step in federating a model is reducing its size and 

converting it to a serialisable model. Google has invented a file type called probo (protocol 

buffer), a serialisable format suitable for travelling among network nodes on the Internet.  

Table 5.6 shows the size of a 200 MB MaskRCNN model’s related pb/pbtxt files after conversion.  

Table 5.6: Size of the models  

  MaskRCNN  Probo  Probo  

Format   h5  Pb  pbtxt  

Size  200 MB  13 MB  28 MB  

The model is frozen during the conversion process, so no further training can be applied. The 

model keeps its latest state of configuration, which is called the session. All the parameters are 

frozen, and they cannot be changed any more. Once the model is in pb/pbtxt format, it can 

travel from the farmers (clients) to a server for aggregation.  
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Aggregation is the most important step in federated learning. Software modules and 

applications for federated learning are at a very early stage of development. The weights are 

constants in a frozen model, and they need to be extracted for any aggregation.  

Fig. 5.5 shows the steps for federating the weed models. The first step converts the local  

MaskRCNN models into a pb/pbtxt model. Next, weights are extracted for each pb model. 

Once the models are in pb format, they can travel the network and reach any point, such as the 

global server. The server does the FedAVG operation on the weights, updates the models 

accordingly, and sends them back to local users. These steps can be iterated by further local 

training from the local users.  

Input  

Weed Model 1 

Weed Model 2 

…. 

Weed Model n 

Global model = 0 

For i from 1 to n : do 

 

Convert to pb /pbtxt 

For i from 1 to n : do 

Extract weights of pb models 

Aggregate models 

Update local models  

 

Figure 5.5: The algorithm for federating the weed models  
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Fig. 5.6 shows the stages of updating the weed models by federated learning. Each block 

represents a local dataset being used by a dairy farmer, and the box in the middle represents 

the required operations for global dataset production, such as conflict reduction, merging, and 

optimum record selection.  

  

  

Figure 5.6: Stages of updating the weed model by federated learning  

Fig. 5.7 shows the proposed architecture for the weed management software system. The dairy 

farmers can capture images from their pastures and send them to an image repository. The 

images can then be annotated to be ready for training. The training component in this 

architecture is for training models and producing weed-detection models. The local weed 

detection models can then be sent to a global server where federated learning can be applied to 

produce a global weed-detection model. From the global server, the new global model can be 

sent to a website, from where it can be downloaded by dairy farmers (the left-hand side of  
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Fig. 5.7). The architecture also contains a quantification component for extracting information of 

weed images and storing them in a data set. A global database is also defined for storing detection 

output (the right-hand side of Fig 5.8).  

  

Figure 5.7: An architecture for the weed-management software system  

On the side of evaluation, several parameters could be considered, such as frequency of model 

transfer, dataset size,  number of dairy farmers registered in the system, and time interval of 

updates among server and dairy farmers.  For instance, if the number of dairy farmers increases, 

the system's latency will also increase. The size of local datasets will also impact the latency.  

Table 5.7 The evaluation of federated system 

No.  Parameters Change Accuracy Latency System’s 

complexity 

1 Sie of dataset increase higher increases increases 

2 Number of dairy 

farmers 

increase higher increases increases 

3 Weeds to be 

detected 

more higher increase increase 
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4 Models more Not known increase increase 

5 Prediction interval 

of weed detection 

increase increase increase Not known 

6 GUI  More features No change increase Not known 

 

5.6 Discussion  

This chapter represented a proposal for a collaborated system for sharing knowledge among 

dairy farmers to better cope with the weeds and issues on weed management. The motivation 

resides in the place that there is no knowledge share between dairy farmers, and each one is 

behaving independently without any experience transferred with their colleague. Having a 

dataset that represents the historical actions of a pasture is the initial stage for this purpose. 

Once the dataset has been created, it could be transferred to a global server that merges all the 

records in it and creates a global dataset that contains all the knowledge. The time of sending 

the dataset and the frequency of transfer are two main parameters that could be analyzed. After 

the global dataset has been created the best records of weed actions could be selected to 

understand which actions have been led to a better weed clean-up. After this realization, these 

records could be transferred to all dairy farmers. Here, there is a potential discussion on how 

to design a user interface for the abovementioned global-to-local data transfer. There is another 

discussion on how dairy farmers can use the knowledge for better weed management. Data 

collection would be another discussion of this proposal. Although applying a drone with 

DeployDrone can automate the monitoring process by over 95%, satellites could also 

potentially be used to capture images. If satellites can provide images with enough resolution 

(640*480), dairy farmers might be able to use satellites as a powerful alternative for image 



149  

  

sensing in the future. And if the satellite image resolution is sufficient, then there is also the 

potential to use satellites to automatically generate images of pastures to support the data set.  

5.7 Chapter Summary  

 A weed management software system has been discussed and developed in this chapter. Two 

ideas were proposed for collaborating the weed management software system: data set 

federation and weed-detection model federation. The chapter included a discussion on how to 

record data attributes with the weed management software system and how the data set could 

be easily extended. The chapter also included a demonstration of how the data set can be used 

to predict the best time for weed control actions. A federated model was proposed that would 

help dairy farmers to share their data to improve the model. A federated collaborative model 

has the potential to help farmers with long-term, cost-effective management of their pastures.  

The next chapter shows the conclusion, limitaitons, and future discussion of the thesis.  
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6- CONCLUSION, DISCUSSIONS, AND LIMITATIONS  

After investigating pasture management in New Zealand, it was found that dairy farmers have 

no software system or a digital management system that can assist them in weed management 

and control. A survey of 30 questions was distributed to dairy farmers across New Zealand to 

learn about the current weed management knowledge and practices. The survey’s findings 

strongly implied that the current weed management lacks a systematic approach to weed data 

collection, weed data processing, and automating actions against weeds.      

For a better granular analysis, we defined survey questions in five sections: time, cost, tools, 

data, and software expectations. The survey responses revealed a great gap in knowledge about 

weed management among New Zealand farmers. It proved that farmers did not have an 

experimental routine or scientific discipline to manage weeds in their pasture. As noted, we 

found a lack of a structural system for measuring weeds and recording them for further 

analysis. There was also no clue about recording weed actions based on dates to have historical 

insights into the progress of weed management. Also, no usage of a software tool or platform 

was found for organizing or scheduling weed actions. These realizations motivated us to design 

and develop a weed software system that could automate weed management for dairy farmers 

to save them time and energy.  The system would benefit dairy farmers through supporting 

knowledge on weed management, automated monitoring, and controlling labor-intensive tasks 

on pastures. One of the limitations of our survey was the number of respondents. We should 

have a better knowledge of the behavior of weed management if we could have a higher number 

of dairy farmers answering our survey questions.  
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A literature review revealed that the most reliable way to monitor pastures is to use object 

detection models. After researching object-detection models and technologies, an environment 

was set up for coding and training MaskRCNN, a state-of-the-art image processing and object 

detection model. The MaskRCNN outperformed other models because of its high visibility in 

showing output with masks. Unlike other models, which use a bounding box for detected 

objects.  

Chapter Two presented the analysis of the survey answers. The survey revealed that farmers 

rarely use historical data to make informed decisions about weed control actions on their farms. 

This finding highlighted an opportunity for the development of a software system that could 

help with weed control. Chapter Two discussed how some of the survey answers could help to 

better design and implement the proposed software system. The survey results were reviewed 

frequently during the software design and coding process. The software was repeatedly 

adjusted to ensure the dairy farmers’ needs and expectations were being met. Thus, the 

development of the software was an iterative process, repeatedly producing results and 

reviewing them against the farmers’ needs and expectations, as described in Chapters Three, 

Four, and Five.  

Chapter Three encapsulated model design, code development, experiments, and model 

improvement research. Our literature review found that most weed detection studies focus on 

in-crop environments. Therefore, a motivation arises for our study of weed management with 

the design and development in in-pasture environments.  We tried out various experiments on 

enhancing the weed management model. The experiments were divided into two modes of an 

object-detection model: a training mode and an inference mode. 

For the training mode, the experiments were depicted in two sections: images and curves. In 

the image section, output results from the training mode and inference mode were 
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demonstrated. In the curve section, the behaviour of fundamental parameters was illustrated 

during model training. In inference mode, the results on test images and their calculation on 

accuracy were shown. The standard metrics of image classification and accuracy such as 

precision, recall, and F1score were illustrated.  

In Chapter Three, we did one innovation in our dataset to better compare our model’s accuracy. 

For the synthetic dataset, we defined two objects: the entire plant and the individual leaves. 

With this classification, we trained our model to see how successful it would be in detecting 

the entire plants or individual leaves. The motivation of this approach was to see if granular 

objects such as leaves could increase detection accuracy. Another reason was to increase the 

visibility of detections of our model. Once some weeds looked very fuzzy and unclear, and 

sometimes several weeds were interwoven and twisted, we could not see a clear result. 

Therefore relying on individual leaves would have provided more precision in detections.  

In the last section of Chapter Three, the focus was on improving the accuracy of detection. 

After research on important hyperparameters, a set of experiments were defined. Then, each 

experiment was observed, and the best score was recorded. The finding shows remarkable 

achievement after models’ tuning.  

A part was also dedicated to image resolution experiments; that is, to study the correlation 

between different image scales and model accuracy. A data set for each image scale was 

generated, which was time-consuming, but the results assured the best image resolution 

farmers could use for training weed-detection models. To the best of the knowledge, there are 

no similar experiments with image scales in the literature.  

In Chapter Three, more than 50 data sets were generated, and more than 100 different 

configurations were coded and observed to cover various conditions of pastoral images. 



153  

  

Furthermore, more than 300 training hours were spent on the experimentations. Any dimension 

of training space was considered to improve training accuracy, and the results show the 

achieved scores are compatible with current weed models. The 95% accuracy on ten random 

test images was recorded, which is a high metric compared with other studies.  

Chapter Four developed the weed-detection model into a practical weed software system to 

help dairy farmers in decision making. The survey study figured that seeding more on empty 

spots is a way of competing against weeds and limiting their growth. Building on this idea, 

another dataset of “bareness” was created, including empty spots of a pasture with no ryegrass 

and weed. We did not see any similar study on bareness detection, as most of the works were 

focused on weed detection as the only fact of grasping knowledge on pastoral environments. 

A fuzzy detection system was designed that gained the mask output from the weed detection 

models. The yield score was defined and created to assess the pasture’s productivity and 

quality. A pasture was simulated with tiling test images and produced 2-D maps. This chapter 

has three main contributions: scoring pastures, 2-D maps, and weed data set creation.  

Chapter Five discussed how to collaborate the system. Creating a dataset with the weed 

software system showed how other attributes could extend it to a reliable data set. An impact 

attribute was defined based on the scoring values and demonstrated the proactive weed 

management software system. A methodology was also proposed for integrating the weed 

management software system with a federating learning approach to share knowledge among 

farmers and improve model accuracy.  

Throughout the research, several limitations were experienced. For the survey, several 

communications were started with various farming companies. Some did not respond, and 

some did not deliver the survey to farmers. In-person meeting with dairy farmers was 

impossible, and most of the farming meet-ups and workshops were suspended due to Covid-
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19 constraining rules. Therefore, online research was chosen to obtain answers to the survey. 

It was calculated how many responses were needed to ensure the survey analyses were 

statically significant, but due to the problems mentioned above, the final number of farmer 

responses was lower than ideal.  

All the experiments in Chapter three are based on a synthetic dataset. A potential analysis here 

is to create another real dataset in various numbers, such as 2500, 5000, and 10,000 images. 

Training a model according to the real dataset will then shed light on the model’s performance. 

A potential experiment would then be the comparison of two datasets: synthetic and real.  Also, 

a study would be worth including several weeds with various patterns on leaves and colors to 

model’s performance comparison. Once YOLO is another model for object detection and 

showed some promise in reducing latency, it would be worth experimenting with comparing 

the accuracy and learning latency of MaskRCNN and YOLO.  

A pasture sensor should cover the whole pasture and record its map and produce image tiles 

accordingly. However, because direct and frequent access to any pasture was not possible, and 

because of some constraints on drone flight, the simulation for the field monitoring was 

conducted in Chapter Four. Therefore, it would be worth generating real tiles from a pasture 

and designing the fuzzy system accordingly. Chapter five has some limitations, such as 

researching current web APIs that would benefit a collaborative system design and figuring AI 

components and modules that help in federated learning and weed management knowledge e 

shared among dairy farmers. Further study would show the completion of research in 

implementing federated learning and dockerizing the weed detection model by measuring its 

performance in the web environment.  

Employing satellite imagery as an alternative to images from personal mobiles, drones and 

cameras is a research area that is both exciting and has great potential in the future. The 
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capability of producing real-time images for the proposed software system by image satellites 

could be valuable. It is clear that the resolution of satellite imagery will only improve over 

time, and this will reduce the dependency of image processing applications on drones, cameras 

or robots. Once satellites can behave as IoT sensors, the automation of imaging and data 

collection will increase tremendously. The ease of automated data collection will, in turn, 

motivate farmers to digitise their data and become more involved in technology-oriented 

applications, resulting in best practice and data-informed decision making in their weed 

management programmes.  

    

APPENDIX : SURVEY DESCRIPTION  

The first section of the survey asks questions on the timing of weed management. The first 

question is, “How many times per year you spray weeds?” Once spraying weeds is the most 

essentials task against weeds, we want to know the required reaction for killing weeds in a 

year. We can also understand how strong and smart they are to be controlled by farmers. Table 

8.1 shows the list of our timing questions.  

Table 7.1 Survey timing questions  

No.  Category  Question   

1  Time   How many times per year do you spray weeds?  

2  Time  How long does each hectare take to spray?  

3  Time  Do farmers predict weed growth or population?  

4  Time  Do you have any schedule for pasture management?  

5  Time   Do you use prediction data for planning?  

6  Time  Do you know weeds’ lifetimes and any other characteristics?  

7  Time  Do you have any real-time tasks for weed management?  

8  Time  Do you know the best time for weed clean-up  

9  Time  How long it takes for sprays to kill the weeds  
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The second question is, “How long each hectare take to spray?” The answer is the required 

time, which should be spent on each hectare, which is the unit of farming fields. We can 

understand how long the farmers need to invest in their lands for weed spraying. This question 

is fundamental when designing or developing a tool, software, or model for weed control 

because one achievement of any new tool or model is to reduce the labor work and cost on the 

farms. If each hectare takes one hour for weed clean-up and a robot can reduce this amount to 

55 minutes, this robot would be an achievement. In a word, the answer is a crucial fact for 

evaluating any software tool for weed management.  

The third question is, “Do farmers predict weed growth or population?”. Prediction is one of 

the most important tasks and activity. With prediction, we can plan and manage better. The 

essence of the question is to see if farmers use any prediction for their pasture management. If 

they do not, the weed-detection responsibility predicts the weed growth and population to 

provide better insight for farmers for proactive tasks rather than reactive. We thought about 

how to predict and what to predict. As a very primary example, with weed-detection software, 

we can predict weed growth. Once we collect more historical data on a pasture, we can use 

them as time series data and predict the weed growth accordingly. Another factor, which is 

essential in pasture evaluation is pasture yield estimation. We have thought about how to 

calculate the pasture yield estimation from the input image data. We defined a methodology 

from capturing image data from pastures to weed detection and weed/grass or weed/regress 

ratio estimation. We can score the pasture yield or productivity by collecting all the images 

from a pasture in the first step and averaging them in the next step. For the first step, we capture 

images by cell phones, robots, or drones. But we also try to study satellite images and their 

resolution to see how reliable they are in image processing. With such a satellite service, 

farmers can employ it to capture images from their pasture. In that case, it can be an excellent 
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help for image processing and object detection without any dependency on devices such as 

drones, robots, and cameras.  

 The fourth question is, “Do you have any schedule for pasture management?” We asked 

farmers for any schedule they might have for the pasture management to be sure how timing 

and planning are essential for them and if they do weed process randomly or based on a thought 

timing.  

The fifth question is, “Do you use prediction data for planning?” This question is an integration 

of questions 3 and 4. There might be farmers who predict weed growth but do not use it for their 

pasture management. There might be farmers who plan their weed clean-up but with no 

prediction. By this question, we understand how proactive farmers are for their weed 

management. If farmers plan according to their predicted data, they respect planning and 

scheduling their labour work. This question also shows how farmers respect the planning and 

scheduling of their labour work. If software recommends time intervals or scheduling for the 

weed process, the farmers, who say yes to this question, have more intention to use it.  

Question 6 is “Do you know weeds’ lifetime and any other characteristics?” This question's 

main reason is to understand how farmers use some data for their tasks and if they need to 

know some of the weeds’ attributes and characteristics. We also understand if any weed 

characteristic is important for their pasture management.  

Question 7 asks: ”Do you have any real-time tasks for weed management?” for any activity, 

we can define normal tasks and real-time tasks. This question's main reason is to know if the 

designed software needs real-time tasks for weed management. If real-time tasks are a part of 

an activity, then optimising a software latency and output would be of analysis and study.  
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Question 8 is “Do you know the best time for weed clean-up?” The answer to this question 

provides key knowledge on weed management, which is the clear timing of a weed clean-up. 

If the time is clear to farmers, the software needs to keep the information in its data process. 

Even if the farmers believe in the best time of weed clean-up (because of many factors such as 

less labour work or weed process), it can be loaded as a primary key in a software database for 

further process.  

Question 9 is “How long it takes for sprays to kill the weeds?” The fundamental fact of this 

question is to understand the timing effect of sprays on a particular weed. Our weed-detection 

software will then know when to monitor the pasture to observe the spray's effects for updating 

the weed information. If, for instance, it takes three months for a spray to kill a particular weed, 

we can fly a drone above a pasture to capture a 2-D map of the field before spraying. The 

second time, we should fly the drone after three months, capture the field, and produce a 2-D 

map again. By comparing the 2-D maps, we can see how the sprays were effective and could 

destroy the weeds. This question's answer is a key factor determining when to capture images 

of a field and define our time interval for an image update.  

The second category of our survey is to understand the required cost and energy for pasture 

management. The answers to this section provide us with a knowledge of what is the current 

cost and energy for pasture management. A key factor for evaluating a new method, software 

or tool is its success in cost reduction. Table 8.2 shows the questions of this section.  

Table 7. 2 Survey cost questions  

No.  Category  Question  

1  Cost  What is the total cost of pasture clean-up per year in dollars per hectare?  

2  Cost   Do you have any estimation of the annual harm of weeds  
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3  Cost  Do you know the amount of harm of weeds, and you quantify it?  

Question 1 is ‘What is the total cost of pasture clean-up per year in dollar per hectare? 

(including the cost of tools, sprays, machines, labour, etc.)’, which is a fundamental key 

knowledge of the required cost for pasture management. If, for instance, the total cost of a 

pasture is $10 and a tool can reduce it to $9.5, $0.5 is the new tool's value, and it is worth 

farmers employ it in the future.  

Question 2 says, “Do you have any estimation of annual harm of weeds?” Studying weed is 

the main objective of my thesis and knowing its harm to the farms is a key fact. This question 

depicts the economic cost of weeds to farmers. The invention of any new method, tool, 

software, etc is to reduce the cost and harm of the weeds. If the farmers know the harm of the 

weeds to their farms, they can manage their annual budget much better in controlling the weeds. 

Question 3 asks the amount of harm and is a way of quantifying the annual harm of weeds.  

We designed questions about the tools and methods as reactions to weeds growth and invasion 

in section three. The set of questions designed in this section are for understanding the reaction 

tasks and their novelty in weed control and clean-up. One of the most important labour work 

innovations is how to advance tools and methods and make them other attributes such as 

flexibility and embedding technology. Table 7.3 shows the tool questions.  

Table 7. 3 Survey tool questions  

No.  Category  Question  

1  Tool  What are the main tools for weed control?  

2  Tool  How you track smaller weeds for clean-up?  

3  Tool  How many herbicide types you use for spraying?  

4  Tool   Do you know the best effect of herbicides on weeds? (or a particular 

weed?)  
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Question 1 asks “What are the main tools for weed control? ” answer to the question provides 

us with the tools farmers use to control their pastures. Knowing about each tool, we can 

understand its advantages and disadvantages and how they can be improved. Another 

motivation of this section's questions is to understand the roles of digital tools, software, ML, 

and AI in controlling the weeds. If the farmers do not mention them, it would be an excellent 

opportunity for thinking about how to use them in farming tools. Another perspective is how 

to design, develop and implement software to advance the existing tools. For instance, if 

farmers' first reaction to weeds is moving, how a weed-detection software can help them 

monitor the field for better moving, or how historical data can help them fix timings for 

moving.  

Question 2 is “How you track smaller weeds for clean-up?” We defined this question 

particularly about the weed size to see farmers' plans for controlling smaller weeds. Smaller 

weeds are important because they need fewer sprays, moving, other actions for their growth. 

If we can detect smaller weeds, we need to use less spray, for instance, to kill them. The 

California thistle is a common weed, which grows fast to a massive size after six months. It 

would be more valuable when they can detect it when it is still a tiny weed. It is more appreciate 

if the farmers can control the weeds once they are still tiny or small. If they reach their maturity, 

farmers should spend more time and cost on destroying them. They can also start seeding 

around their area, and this will increase their population tremendously fast.  

Question 3 and 4“How many herbicide types you use for spraying?” and “You know the best 

effect of herbicides on the weeds”. We understand what the varity of sprays they use for weed 

control is. Questions 4 show if they do any analysis on their reactions after spraying or do it 

without further impact analysis.  
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The next category of questions provides us with the data dairy farmers use in weed 

management. Table 7.4 shows our question in this category. Question 1 is “Do you have any 

knowledge about weed resistance to herbicides?” The answer to these questions provides us 

the knowledge for better weed management.  

 

 

 

 

 

Table 7. 4 Survey data questions  

No.  Category  Question  

1  Information  Do you have any knowledge about weed resistance to herbicides  

2  Information  How you take action for weed clean-up? (all pasture or spot-wize)  

3  Information   What are the most common weeds you struggle with in your 

pasture?  

4  Information   Which information do you use for pasture management and weed 

clean-up?  

5  Information   Which data do they record for the weed management?  

6  Information   What are the external factors they use for weed growth prediction 

and weed management?”  

7  Information   How you monitor the pasture?  

8  Information   Which insights or information do you expect software to provide for 

you in weed management?  

9  Information  Which weed attribute you use as experienced knowledge for weed 

detection?  
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10  Information   Which sizes of weeds are best for clean-up?  

11  Information  Have you ever experienced any diseases from sprays or weeds?  

12  Information  Do you have any knowledge about the patterns of weed growth and 

invasion of the field? In which spots are they denser or are they 

dense in borders?” Or denser in the middle of pasture?  

Question 2 is “How you take actions for weed clean-up? All area or weed specific area?” We 

defined this question to understand how farmers spray the field: all the pasture or the areas 

affected by weeds? We believe spraying all the pasture is easier but not smart because the spray 

will affect the environment, and more herbicides to the field mean environmental affection.  

The farmers who spray the specific areas of the land behave better in less harm to the field. Using 

sprays more rationally is better for farmers either the environment.  

A pasture might have high weed density in some areas and low weed density in some other areas. 

Many factors cause the weed to grow in some parts and be less effective in other parts of a pasture. 

Our monitoring software aims to detect weeds but the weed distribution and behaviour and pasture 

study, which can help the farmers learn about their field better. Weed map, weed growth, and weed 

distribution predictions are the requirements of a weed management framework because they can 

provide insightful knowledge about the weed, land, and soil for the farmers. If an area shows more 

weeds, the farmers need to focus on the spot instead of the whole pasture. The pasture-specific 

reactions can lead to smart farming and are one of the arms of agriprecision.  

Question 3 asks,” What are the most common weeds you struggle with in your pasture”. The 

answer to this question we found a very important and fundamental fact in creating our data 

knowledge about weeds. We asked farmers to name three common weeds in their pastures. We 

know which datasets to create and which weeds are important to manage and destroy by the 

knowledge. Our software is designed and developed based on this answer when we should 
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define the dataset. The main responsibility of the weed-detection software is to recognise 

particular weeds, and my answers, we know which weeds should be considered in the dataset.  

Question 4 is “Which information you use for pasture management and weed clean-up?” By 

the answer, we know if the farmers use any data for the weed labour. Using any data means 

the process can be converted to software. If the data is recorded, a weed-detection software can 

be used later for a better and faster process. By asking about the data type, we want to 

understand which data type is more important for farmers. Using any type of data shows the 

weed labour work is not traditional, and farmers are not so resistant to using technology 

common in New Zealand. In New Zealand, farmers are resistant to use any software for their 

farming tasks. If many are positive to this question, it means farmers are towards technology-

oriented methods. It might also be of interest which data type they use for weed processes, and 

they like to use for weed labour. This question also clarifies the intentions of farmers in using 

a particular type of data.  

Question 5 asks, “Which data they record for the weed management”. This question enlightens 

the part of memorising part of weed management and farmers' reliance on historical data. If 

they record weed data, it is an indication of respecting memory and memorisation in weed 

management. The type of recorded data indicates the familiarity and intention of farmers to a 

particular data type.  

Question 6 asks, “What are the external factors they use for weed growth prediction and weed 

management?” This is a very important question we designed to understand the correlation 

analysis between external factors and weed growth. Through their years of farming, farmers 

can reach out to some experiences about the relationship between external factors and weed 

growth. In our question, we depict some common factors such as temperature, wind, and 

humidity. They can also name any other factors we did not mention in the question. If there 
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exists a correlation between weed and any factor, we can consider designing our software. We 

can then analyse our study based on the factor and involve it in our software's prediction 

(predicting weed growth after creating 2-D map of pasture in sequential time intervals).  

Question 7 is “How you monitor the pasture?” This is a key question in the survey, showing 

how formers rely on manual labour for pasture monitoring. The weed-detection software has 

many attributes and capabilities, but its main service is to detect weeds and automatically 

monitor the pasture without human labour work. If the farmers answer “in-person”, they still 

rely on a traditional way of pasture management. You can imagine that for a big pasture, how 

much time they need to invest for monitoring the whole area, observing weeds, and estimating 

the weed/grass coverup. Then they need to estimate the amount of spray or any other materials 

for cleaning up their pasture. Once there is no machine to support them in all the mentioned 

calculations, it is potentially prone to human errors. The weed software framework's goal is to 

minimise the human labour on the field and transfer the human values to robots.  

Question 8 asks “Which insights or information do you expect software to provide for you in 

weed management?” By this question, we know farmers' expectations on weed-detection 

software output. From a software developer perspective, we might think of textual or map data 

as the best output, but the question clarifies the type of output that suits the farmers. We can 

understand which data output to generate and base our software services accordingly.  

Question 9 is “Which weed attribute you use as experienced knowledge for weed detection?” 

We defined this question to know farmers’ knowledge on weed attributes to see how they detect 

weed in their pastures while they walk in and try to clean up weeds. Regarding the attributes, 

we can study and analyse them in our software and see how we can improve our software with 

the respected attributes.  
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Question 10 is “Which sizes of weeds are best for clean-up” Once the weeds are categorised 

into three sizes – tiny, medium-sized, and large – the answer to the question can direct us to 

amend changes in our software for detection to the specific size mentioned in the answer. For 

instance, if tiny weeds are more important for clean-up, we can train our algorithm to detect 

tiny weeds. In designing rules for a weed action recommended system, we can apply the 

respected sizes. If the size matters to farmers, the software needs to recommend weed tasks in 

a real-time fashion. This is because the weed size changes through time, and the software 

should process data and react at an acceptable pace. If the size is not important for farmers, we 

can assign equal values or weight parameters for all sizes of weeds.  

Question 11 is, “Have you ever experienced any diseases from sprays or weeds?” The reason for 

this question is to know the human harms on labour work on pastures. This might not be related 

to our research and software design, but the answer will be a fact of other weed process harms.  

 Question 12 is “Do you have any knowledge about the patterns of weed growth and invasion 

of the field? In which spots are they denser or are they dense in borders?” Or denser in the 

middle of pasture? Or in which areas more patches and family weeds grow and form? The 

answer to this question will inform us about considering the dense knowledge in designing our 

software. We can also understand if the farmers know the weed density, weed families, and 

patches on their pastures. This question is related to question 2, which asks about all the pasture 

clean-up versus spot clean-up. If the farmers know which areas are denser, they can spray them 

more and less on lower dens spots.  

The next two questions are in the category of sci-fi questions. We defined two questions to see 

the highest expectation of farmers from software supposed to help them in the pastures. The 

points and ideas on the questions might not be realistic and achievable but is worth considering 
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as Imaginable solutions that one day became true. Table 8.5 shows our questions for this 

section.  

 

 

 

 

Table 7.5: Survey software questions  

No.  Category  Question  

1  Sci-

fifuturistic  

knowledge  

If there would be a magic software that can provide you any knowledge 

or information, what you wish to know about weed that might ease the 

weed clean-up tasks for you?”  

2  Sci fi 

futuristic  

knowledge  

If there is a sophisticated robot at your service, what is the most 

formidable task you wish it could do for you in weed clean-up and 

destroying  

 

 

Question 1 is “If there would be a magic software that can provide you any knowledge or 

information, what you wish to know about weed that might ease the weed clean-up tasks for 

you?”  

Question 2 is “If there is a sophisticated robot at your service, what is the most formidable task 

you wish it could do for you in weed clean-up and destroying?” Question 29 seeks to grasp the 

knowledge of weed, and question 30 seeks weed action.  
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