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Abstract 

This doctoral thesis is presented as a hybrid thesis containing several chapters and 
sections from published papers by the author. 
 
The optimisation of the agricultural process has gained importance in recent years; 
that is, to increase harvested yield and to reduce the cost and time required for 
agricultural operations in the domain of field logistics. Route planning, a part of 
agricultural operations, is essential in field logistics to minimise the cost of operating 
agricultural machinery. Agricultural Routing Planning (ARP) addresses the route 
planning of machines to undertake several agricultural tasks on the farmer field.  
 
This research aims to review the previous research on ARP, to formulate an 
extension of the ARP and to develop effective Evolutionary Algorithms that can be 
competitively applied to ARP. The outcomes of this research are several 
Evolutionary Algorithms that can generate effective route planning for the machines. 
The outcomes will impact on the research community with the development of new 
algorithms as well as the dissemination of findings. This study is significant as it is 
expected to improve the management of agricultural machinery, to minimise the total 
cost and the settling time for completing field operations, and to produce routing 
plans. 
 
ARP belongs to the class of NP-hard problems (NP is defined as nondeterministic 
polynomial time); therefore, an exact optimisation is not feasible concerning run time 
constraints and so Evolutionary Algorithms are utilised. In addition to defining an 
extended ARP, this study presents several Evolutionary Algorithms to address ARP. 
Several metaheuristic algorithms from the literature are used as a benchmark against 
the proposed Evolutionary Algorithms. 
 
There are two main stages to this thesis. In the first stage, the author studied the 
previous ARP datasets, created a general mathematical model to represent the 
datasets and developed a new hybrid Evolutionary Algorithm to solve the model. To 
obtain datasets for the agricultural routing problem, the author gathered data from 
previous publications describing different fields. In the second stage, the ARP was 
extended so as to consider several constraints at the same time to make it closer to 
the real case. The motivation for an extended ARP is because despite the variations 
of ARP, the capacitated application with multiple machines and multiple fields has 
not been covered extensively. Hence, this study extended the ARP to include 
multiple crop fields and multiple machines with different capacities and provided the 
mathematical model to represent the problem. 
 
 
 
Keywords: agriculture, Agricultural Routing Planning, Evolutionary Algorithm, field 
logistics 
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Chapter 1.  Introduction 

1.1 Background 

Developments addressing agricultural field operations and management are 

generally associated with improved seeds, the use of chemicals, increased resistance 

to diseases and pests, and water utilisation (Jones et al., 2017). These factors 

theoretically increase the productivity of the cultivated areas; however, they do not 

resolve the deployment of machinery and humans to perform field operations or to 

transport the produce from the field to storage. 

The agricultural sector also confronts a growing number of logistical 

challenges. The optimisation of resource utilisation (fuel, fertiliser and water) and the 

time needed to manage and perform field operations on increasing areas of farmland 

have become an integral part of farm operations, motivated by climate change and 

the demands of sustainable operations. Changes in environmental conditions impact 

the timeline for applying fertilisers and water or harvesting crops. At the same time, 

to reduce the expense and usage of carbon dioxide pollutants requires the 

optimisation of vehicle paths and subsequent use by reducing the driven distance 

(Al-Zamil & Saudagar, 2018). 

A number of benefits can be derived from optimising the use of humans and 

machines, such as a reduction in time and thus an increase in profits. The cost of 

agricultural machinery is reduced, fewer seasonal workers need to be hired and less 

time is required for field operations. This last factor is critical as the size of farms 

increases, yet the timeframe for performing field operations remains the same. 

Route planning in field logistics is one of the main tasks in the management 

of agricultural machinery (Bochtis et al., 2014). The optimised operation involves 

Agricultural Routing Planning (ARP), which is used to manage the logistics of 

agricultural machines in relation to their field movements and other farm locations. 

ARP studies typically do not provide enough in-depth analysis to generalise 

research and develop algorithms across multiple cases. In general, the lack of 

benchmarking across a collection of datasets limits the comparability of algorithms 
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and publicity of the transfer of findings to other instances. Thus, the generalisation of 

ARP and the collection of datasets from previous research is essential. 

In ARP, agricultural machines are restricted by several constraints, such as 

their capacity to hold the harvest crop or goods to be used in the field, their turning 

radius, the width of tracks and fuel consumption. Some researchers have developed 

initial models to characterise ARP, but these models are generally limited to the 

simple consideration of constraints (Bochtis & Vougioukas, 2008; Seyyedhasani & 

Dvorak, 2017). Furthermore, despite the variations of ARP, the capacitated 

application with multiple machines and multiple fields has not been covered 

extensively and the focus has been on one field. Hence, the study in ARP for 

multiple fields and multiple machines represents a research gap. 

ARP with multiple fields and multiple machines is closer to real cases 

where farmers generally have multiple connected fields and operate more than one 

machine on those fields. An inclusion of those properties in the ARP problem as well 

as algorithms to produce an effective routing plan will help farmers to save driving 

distance, time, and cost of doing the field operations. 

A major challenge of route planning in the field is that the problem is NP-

hard (Oksanen & Visala, 2009). Therefore, getting an optimal solution is 

computationally intractable. Routing planning problems are commonly faced with 

this obstacle, which has forced the development of algorithms that can deliver good 

(near-optimal) solutions in a reasonable amount of time. 

1.2 Objectives 

The principal objective of this research is to extend the ARP problem and to 

develop Evolutionary Algorithms to find near-optimal solutions. This study views 

ARP from an operational research perspective. More specifically, the research is 

intended to: 

1. Collect ARP instances from previous research as benchmark data and 

identify a general mathematical model to represent them. 
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2. Define the extended ARP that considers multiple crop fields and 

multiple machines with different capacities and provide a mathematical 

model to represent the problem. 

3. Generate the instances of the extended ARP. 

4. Develop and configure the Evolutionary Algorithms for ARP 

5. Compare the proposed Evolutionary Algorithms and other algorithms 

from the previous literature. 

1.3 Contribution and Significance 

The optimisation of route planning to harvest crop fields is important in 

order to minimise the total cost of operating agricultural machines. The first 

contribution of this study is made by defining an extended ARP that deals with 

multiple fields, tracks, capacities and turning manoeuvres. The second contribution is 

the development of mathematical formulations to represent the general dataset and 

extended ARP. Furthermore, recent algorithms are not able to solve the given 

problems in the literature in terms of solution quality and time. Thus, the third 

contribution of this research is the exploration of new algorithms to address the 

extended version of ARP. These new hybrid algorithms are benchmarked against 

existing algorithms in the literature. 

ARP optimisation aims to minimise the total distance driven to manage 

fields, reduce the number of machines and synchronise multiple machines. By 

solving the proposed ARP with the suggested algorithm, this study is significant as it 

is expected to improve the management of the machinery fleet, to minimise the total 

cost and the settling time for doing field operations in multiple crop fields, and to 

produce better routing plans. Furthermore, the outcomes of this study will impact on 

the research community with the development of new algorithms as well as the 

dissemination of findings. 
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1.4 Research Phase 

During the doctoral study, a literature review was conducted to identify the 

ARP problem, notice the main algorithms on ARP and find gaps in the literature. 

There are two main phases to this study: 

I. Data Collection, Analysis and Algorithm Development 

In this first phase, the author collected the datasets from previous ARP 

research and analysed them. The author then developed an algorithm 

to solve the data. The main output of this phase is detailed in journal 

manuscript one (Biosystems Engineering). 

II. Extension to the Problem and Algorithm Development 

In this second phase, the author formalised the extended ARP and 

built an algorithm to deal with the problem. The main output of this 

stage is detailed in journal manuscript two (Annals of Operations 

Research). 

After the main phases are completed, the author conducted a comparative 

study of the algorithms built in this study. The author also observed the possible 

future implementation of ARP in the form of DSS and other field operations. 

 

1.5 Thesis Outline 

This doctoral thesis is presented as a hybrid thesis containing several 

chapters and sections from published papers by the author. The thesis is organised as 

follows. 

 Chapter 2. Literature Review 

This chapter contains a review of the previous studies related to ARP. The 

details of the research gaps are also indicated in this chapter. 

 Chapter 3. Overview of the General Problem 
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This chapter gives an overview of the ARP problem to be solved in this 

study. The representation of the problem and the description of the machine 

manoeuvres are listed in this chapter. 

 Chapter 4. Optimisation of Dataset in ARP 

This chapter observes the optimisation of the previous dataset in ARP, 

which is based on the author’s journal publication ‘Optimisation of 

agricultural routing planning in field logistics with Evolutionary Hybrid 

Neighbourhood Search’, Biosystems Engineering, 2019, vol. 184, pp. 166–

80. 

 Chapter 5. Extensions to the ARP 

This chapter explores the extension of ARP that considers multiple fields 

and multiple machines with different capacities. The chapter is based on the 

author’s journal submission to  Annals of Operations Research, second 

review. 

 Chapter 6. Evolutionary Algorithms for ARP 

This chapter lists the Evolutionary Algorithms built during this research. 

The comparison of the best three algorithms is also provided. 

 Chapter 7. Practical Application 

This chapter describes the possible practical application (future 

implementation) of ARP, based on the author’s conference publications 

(Entry 4 and 5 in the table on Page xv). 

 Chapter 8. Conclusion 

This chapter lists the limitations of the research and concludes the whole 

study. 
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Chapter 2. Literature Review 

This chapter reviews previous studies related to ARP as well as 

optimisation, with a focus on Evolutionary Algorithms. Section 2.1 presents an 

overview of the Vehicle Routing Problem (VRP). Section 2.2 explores the 

optimisation studies in agriculture, including VRP. Section 2.3 investigates the 

previous studies of ARP and provides an overview of their contributions in the 

literature. Section 2.4 describes a variety of algorithms and methods used in previous 

studies. Finally, Section 2.5 states the research gaps identified in the current 

literature. 

2.1 Vehicle Routing Problem 

In logistics, various attributes (such as the high variability of demand, 

constraints in delivery times, uneven distribution over large areas, and the dimension 

and complexity of orders) increase the planning and operation time and cost, and 

significantly impact on the efficient and effective flow of products as well as on 

customer satisfaction. The operations research literature labels the problem 

concerning the distribution of goods between depot and customers, among others, as 

the Vehicle Routing Problem (VRP), with different constraints (Cordeau et al., 2002; 

Fisher, 1995). 

VRP defines the routes with the minimum cost from one depot to a set of 

geographically dispersed locations, such as cities, shops and warehouses. The VRP 

solution aims for the selection of a series of routes, each carried out by a single 

vehicle. The vehicle(s) begins and finishes at its depot. Thus, all customer 

requirements and all operational constraints are met while minimising the global 

transport costs. The customer requirements refer to transport quantity, type of goods 

and dimensions. The transport of goods is done by vehicles whose composition and 

size can be fixed or defined in accordance with the requirements of the customers. 

The operational constraints depend on the nature of the goods being transported and 

the characteristics of the vehicles (Toth & Vigo, 2014). Routes must be produced in a 

specific direction so each location is visited once by exactly one vehicle (Vidal et al., 

2019). 
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The road network, used for the transport of goods to the depot and customer 

locations, is generally described by a graph. The arcs and the vertices in the graph 

represent the road sections and the road junctions, respectively. Every arc has an 

associated value, which can reflect either the length or the travel time during which 

the arc is traversed (Toth & Vigo, 2014). 

Figure 1 illustrates the VRP with three vehicles, 15 vertices (locations), 28 

arcs (paths) and a depot. The lines (grey, blue, green and pink) indicate the available 

arc that connects the vertices, while the number beside the arc indicates the distance 

to traverse that arc. Several grey arcs show the available paths not chosen by the 

vehicles. The shortest paths of the first, second and third vehicles to cover all vertices 

are coloured in blue, green and pink, respectively. The routes of each vehicle begin 

and end at the depot. 

 

Figure 1. Illustration of the Vehicle Routing Problem 

In VRP, the cost is calculated by sum the shortest path(s) that starts from a 

vertex and arrives at another vertex in the road graph. The objectives considered in 

VRP include: 
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• Minimising global transport costs or the global distance travelled by the 

vehicles. 

• Minimising the global travel time. 

• Minimising the costs associated with the vehicles. 

• Minimising the number of vehicles (or drivers) needed to service all the 

customers. 

• Balancing the travel time and vehicle load (Toth & Vigo, 2002). 

VRP is a generalisation of the former problem named the Travelling 

Salesman Problem (TSP, Bochtis & Sørensen, 2009). In TSP, one salesperson has to 

visit all the customers exactly once and with the shortest path. However, TSP does 

not consider capacity constraints whereas most VRP do consider capacity constraints 

such that the cumulative demands of all locations on a given route must not exceed 

the capacity of the vehicles (Toth & Vigo, 2002). 

The additional constraints result in instances of VRP (Bochtis & Sørensen, 

2010). For example, the limitation of the maximum length of the path (distance 

constrained VRP), every location should be serviced within a specific time constraint 

(VRP with time windows), and the stochastics demand of the customers (VRP with 

stochastics demand). Other additions are VRP with multiple depots and VRP with 

different capacity of the vehicles (Koç et al., 2016). 

VRP is one of the most challenging optimisation problems, and over the 

years, a large number of different methods have been developed. VRP belongs to the 

NP-hard problem, which makes it too difficult to solve with a conventional method. 

Thus, heuristics or metaheuristics approaches are needed to solve VRP (Archetti & 

Speranza, 2014; Cordeau et al., 2002; Pereira & Tavares, 2009). 

2.2 Coverage Path Planning in Field Logistics 

VRP in field logistics is also known as coverage planning (Bochtis & 

Sørensen, 2009). The coverage planning problem is labelled as Coverage Path 

Planning (CPP) (Oksanen & Visala, 2009). CPP aims to minimise the distance of a 

route that passes over all points of a region (Galceran & Carreras, 2013). In 



 

10 

agriculture, CPP has been used in different applications. The distinction of the 

applications is found in the operations on the field, the field configuration or the 

objectives. CPP has been explored in aerial coverage optimisation (Barrientos et al., 

2011; Valente et al., 2013), crops harvesting (Amiama et al., 2015; He et al., 2018; 

Sethanan & Neungmatcha, 2016) and biomass collection (Akhtari et al., 2014; 

Gracia et al., 2014). Several CPP publications focus on the generation of paths or 

tracks inside fields (Bochtis et al., 2013; Graf Plessen & Bemporad, 2017; Jin & 

Tang, 2010; Oksanen & Visala, 2009) 

Table 1 lists examples of research on CPP in agriculture detailing their 

features and specifications. The first variation is the CPP for aerial mini-robots. In 

this variation, both Valente et al. (2013) and Barrientos et al. (2011) optimised CPP 

in vineyard parcels for mini-robots. Valente et al. (2013) focused on the 

implementation of their metaheuristic approach to the problem, while Barrientos et 

al. (2011) focused on the practical experimentation in the field using a heuristics 

method. Barrientos et al. (2011) used two steps in their experiments: 1) data 

collection using the aerial robots scanning the field; and 2) the coverage planning of 

the field using the collected data. Valente et al. (2013) proposed a metaheuristic 

algorithm that could improve the CPP solution proposed by Barrientos et al. (2011). 

The second variation is the CPP for harvesting different crops. Amiama et 

al. (2015) developed a decision support system for identifying the routes that provide 

reduced travelling distances for maize silage harvest operations. Sethanan and 

Neungmatcha (2016) explored the harvesting sugarcane field operation to minimise 

the travelling distance in one harvesting period. The authors generated seven samples 

following realistic scenarios of a general sugarcane field in Thailand. Kittilertpaisan 

and Pathumnakul (2017) extended the research on CPP by considering three 

harvesting periods in sugarcane fields. The authors claimed that their work could 

benefit the integration of a harvester routing design and plan the cultivation of a new 

crop. Both He et al. (2018) and He and Li (2019) conducted the optimisation of time 

in harvesting problems in the wheat field. He et al. (2018) examined a case with 

moist farmland, while He and Li (2019) considered the multi-trip VRP. 
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Table 1. Examples of CPP in agriculture 

No. Variations Examples of Research Specifications 

1 Aerial/mini-

robots 

Barrientos et al. (2011) Propose a strategy to cover a crop field utilising 

aerial robots for data collection 

Valente et al. (2013) Propose a new approach to improve coverage 

trajectories 

2 Crop 

harvesting 

Amiama et al. (2015) A decision support system to find the shortest 

distance in harvesting maize silage fields 

Sethanan and 

Neungmatcha, 

(2016); 

Kittilertpaisan and 

Pathumnakul (2017) 

Minimise the travelling distance in the sugarcane 

field 

He et al., (2018); He 

and Li (2019) 

Optimise the time in harvesting wheat fields 

3 Biomass 

collection 

Akhtari et al. (2014) Minimise the cost of delivering forest biomass to 

the heating plant gate 

Gracia et al. (2014) Minimise the distance in biomass collection 

4 Field-track 

generation 

Bochtis and 

Vougioukas (2008), 

Bochtis et al. (2013) 

Develop B-patterns to generate field tracks 

Oksanen and Visala 

(2009) 

Develop a greedy algorithm to determine the best 

driving direction and the subfields 

Jin and Tang (2010) Use geometric model and divide-and-conquer 

strategy for CPP 

Graf Plessen and 

Bemporad (2017) 

Generate reference trajectory planning for 

autonomous machine 

 

The third variation of CPP is the biomass collection. Gracia et al. (2014) 

used the biomass harvesting and collection problem as a case study to improve 
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operational efficiency. The authors modelled the problem as a VRP and used 

multiple vehicles with capacity constraints. Meanwhile, Akhtari et al. (2014) 

developed a model to ensure that the total demand for biomass was met from 

different supply areas. The authors minimise the cost of delivering forest biomass to 

the heating plant and assess the optimum monthly stream of biomass to the facility. 

Some studies focused on generating the tracks inside the agricultural field, 

as detailed in the fourth variation. In these studies, the field is assumed not to have 

any developed tracks, hence it can be traversed from any driving direction. The 

authors proposed different approaches to generate the tracks to provide an efficient 

path to be traversed by vehicles. Oksanen and Visala (2009) dealt with the shape of 

agricultural fields. They used two kinds of greedy algorithms to generate the tracks 

by determining the best driving direction and the selection of subfields. Jin and Tang 

(2010) analysed a similar problem and used a geometric model with the divide‐and‐

conquer strategy for arable farming. The authors demonstrated that the proposed 

method could produce better generated tracks compared to the farmer’s solution and 

previous research. They claimed the generated tracks can reduce the distance the 

vehicles cover in turning manoeuvres. 

Bochtis and Vougioukas (2008) and Bochtis et al. (2013) proposed the use 

of B-patterns for coverage planning. The authors used B-patterns to simulate the 

operational performance for different combinations of fields and characteristics of 

machines. Several years later, Graf Plessen and Bemporad (2017) analysed the case 

to control the agricultural machine by generating reference trajectory planning. The 

smooth reference trajectory is used to guide the autonomous and slow-moving 

agriculture machine. 

2.3 Agricultural Routing Planning 

Several problems of CPP in agriculture consider fields with tracks and the 

manoeuvres performed by the vehicles. CPP within this scope can be understood as 

Agricultural Routing Planning (ARP). In ARP, each field consists of several tracks, 

as illustrated in Figure 2. 
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Figure 2. Detailed illustration of a field in ARP (Utamima et al., 2019c) 

In Figure 2, the tracks have a headland area at each end to allow agricultural 

vehicles to execute manoeuvres to change direction and to transfer to another track 

(Bochtis & Vougioukas, 2008; Utamima et al., 2019c). Each track in the field needs 

to be visited exactly once by the agricultural vehicle. A field can have different 

shapes or layouts; see the illustration on the right side of Figure 2. 

ARP is about the minimisation of the distance travelled by agricultural 

vehicles (called machines hereafter) to do field operations in all tracks in the field 

(Utamima et al., 2018). This problem has been adjusted concerning different 

objectives (e.g. to optimise time, use of multiple machines or minimise input costs) 

and constraints (e.g., machine capacity, various fields or barriers). 

The following sections discuss the different focuses of ARP: 1) the 

minimisation of non-working distance; 2) the minimisation of time; and 3) the 

applications to different cases. 
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2.3.1 Minimisation of Non-Working Distance 

Bochtis and Vougioukas (2008) first proposed the optimisation of the 

headland distance. The goal was to reduce the distance travelled in the headland area. 

This distance is called the ‘non-working distance’ because the agricultural machine 

does not perform an agricultural activity while performing a turning manoeuvre. The 

concept of non-working distance can be used both in a real field or hypothetical field. 

Hameed et al. (2011) and Spekken and Bruin (2013) used real fields, while 

Seyyedhasani and Dvorak (2017), Bakhtiari et al. (2013) and Conesa-Muñoz et al. 

(2016b) used a generated hypothetical field. Most studies in ARP use the same 

concept of headland distance or non-working distance, as introduced by Bochtis and 

Vougioukas (2008). 

Table 2 shows examples of studies to minimise the non-working distance in 

the field. The first variation is the implementation of the B-pattern by Bochtis et al. 

(2013) before optimising the non-working distance. B-pattern refers to 

‘algorithmically-computed sequences of fieldwork tracks for agricultural machines 

completely covering an area that do not follow any predetermined standard motif (as 

in the conventional fieldwork patterns), but are a result of an optimisation process 

under one or more selected criteria’ (Bochtis et al., 2013). Hameed et al. (2011) use 

B-patterns for generating the tracks and then use a metaheuristic algorithm to 

minimise the non-working distance of the routing of agricultural machines in the 

field. The results demonstrate that both studies can produce more efficient routes 

compared to the conventional fieldwork pattern. Bakhtiari et al. (2013) adapted B-

patterns and optimised (using a metaheuristic method) an extension of ARP where 

the harvester unloads at a stationary facility located outside the field area. Both 

Hameed et al. (2011) and Bakhtiari et al. (2013) observed the operation in one field 

and one machine without capacity constraints using metaheuristic algorithms. 
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Table 2. Examples of research to minimise the non-working distance 

Variations Examples of 

Research 

Important Findings 

B-pattern 

implementation 

Hameed et al. 

(2011) 

Generate the driving angle and optimise the non-

working distance and compare it with a 

conventional approach 

Bakhtiari et al. 

(2013) 

Optimise path planning of a case where the 

harvester unloads at a stationary facility located 

outside the field area 

Obstacles inside 

the field 

Hameed et al. 

(2013) 

Navigate agricultural robots in agricultural 

operations 

Zhou et al. 

(2014) 

Use TSP concept in the real field to represent the 

problem 

Graf Plessen 

(2019) 

Observe full and partial field CPP 

 

The second variations are due to the presence of obstacles inside a field. 

Zhou et al. (2014), Hameed et al. (2013) and Graf Plessen (2019) considered the 

presence of obstacles in several shapes of the agricultural field with one machine. 

Zhou et al. (2014) introduced the ARP with multiple barriers and used the TSP 

concept to represent the problem. The authors used both open field and real field 

with multiple obstacles and minimised the non-working distance of the machines. 

Similarly, Hameed et al. (2013) optimised the non-working distance for agricultural 

operations involving obstacles for the navigation of agricultural robots. Graf Plessen 

(2019) minimised the non-working distance in full and partial field coverage in 

irregular-shaped fields with obstacles. The partial field coverage targets in spraying 

and fertilising applications with larger working widths for in-field operating vehicles. 
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2.3.2 Minimisation of Time 

Beside optimisation in the non-working distance, several studies focused on 

the minimisation of time to complete field operations (Seyyedhasani & Dvorak, 

2017, 2018a; Spekken & de Bruin, 2013). The time minimisation also reflects on 

secondary goals, as minimising distance implies a cost saving for fuel while 

minimising the completion time will also reduce the working hours required for the 

operators. 

Table 3 lists the research to minimise the time required to perform the 

operation inside fields. Jensen et al. (2012) developed an ARP that involves the 

generation of optimal in-field and inter-field paths to be followed by a supporting 

unit (transport vehicle) cooperating with a primary unit (harvester vehicle). Both 

minimisation of time and non-working distance are considered in the research. 

Table 3. Examples of studies to minimise the time to perform field operations 

Examples of Research Specifications 

Jensen et al. (2012) Minimisation of time and non-working distance in-field 

and inter-field paths of the fields 

Seyyedhasani and Dvorak 

(2018a, 2018b, 2017) 

Minimise the time of the last vehicle to finish its field 

operation 

Spekken and de Bruin 

(2013) 

Minimise servicing time of the vehicles 

 

Seyyedhasani and Dvorak (2017) minimised the total time for the last 

vehicle to finish the field operation. The authors used the multiple VRP concepts 

without capacity constraint in their problem and solved a hypothetical rectangular 

field and an irregular-shaped field. Seyyedhasani and Dvorak (2018a) extended the 

idea of their previous work to become a dynamic multiple depot VRP. The 

simulation in the authors’ research illustrates the possibility to update field routes 

(dynamically) for the vehicles, while the start and stop depots can be at different 

locations. Meanwhile, Seyyedhasani and Dvorak (2018b) used the concept from their 
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previous work (Seyyedhasani & Dvorak, 2017) to reduce fieldwork time with 

experiments in the real field with real tractor. The authors claimed the computer 

model could accurately represent field working times of different routings. 

Spekken and Bruin (2013) also reduced the fieldwork time by minimising 

the servicing time of the routing on agricultural machines when doing the non-

working procedures on six fields having different shapes. Seyyedhasani et al. (2019) 

focused more on the method in ARP, which is to make a probability equation using a 

logistic model to predict the routing algorithm selection. 

2.3.3 Scenarios in ARP 

Multiple authors adapted the ARP problem to other scenarios and 

applications. Table 4 lists examples of previous studies with different variations in 

situations or applications. Both Conesa-Muñoz et al. (2016a) and Gonzalez-de-Soto 

et al. (2015) considered a weed control operation in a field and optimised the 

travelled distance for the given field operations. 

Conesa-Muñoz et al. (2016a) included the same input cost and capacitated 

machines. The authors used a single field and three fields. Each field has weed 

patches that need to be sprayed by chemicals. Gonzalez-de-Soto et al.’s (2015) field 

also has similar weed patches to the one in Conesa-Muñoz et al. (2016a). The 

differences are that Gonzalez-de-Soto et al. (2015) focused on the reduction of fuel 

consumption of the robotic tractor for both the weed and pest control in the field. 

Jensen et al. (2015) examined the capacitated field operation of liquid 

fertiliser application using a single machine. The authors demonstrated that the 

optimised plans could achieve a lower travel distance compared to the conventional 

plans being used during the operations. Edwards et al. (2017) considered the case of 

neutral material operations where there is no flow of material into or out of the field 

(e.g. cultivation, mowing). Hence, the authors did not consider the capacity of the 

machines and only used one machine. The authors developed a method to optimise 

the travelled distance of mowing operations in the 12 instances of the field.  

In orchard operations, both Bochtis et al. (2015) and Zhou et al. (2015) 

minimised the distance required for the field operations. Bochtis et al. (2015) looked 

at general mowing in orchard operation and minimised the routing plans. The authors 
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examined the case with one field and an incapacitated machine. Zhou et al. (2015) 

focused on operations in potato fields where the simulation results showed 

significant savings of both distance and time for the analysed cases. The authors 

utilised a capacitated machine. 

Table 4. The different applications of studies in ARP 

Application Reference Objectives 

Weed control 

operation 

Conesa-Muñoz 

et al. (2016a)  

Reduce the non-working distance by 

considering the input cost of the machine 

Gonzalez-de-

Soto et al. 

(2015) 

Reduce the fuel consumption of the robotic 

tractor 

Fertilising Jensen et al. 

(2015) 

Observe the capacitated field operation of 

liquid fertiliser with one machine 

Neutral material 

operations 

Edwards et al. 

(2017) 

Develop a tool to optimise the travelled 

distance of mowing operations 

Orchard operations Bochtis et al. 

(2015)  

Consider mowing in orchard operation and 

minimised the routing plans 

Zhou et al. 

(2015) 

Consider operation in potato fields 

Wildlife avoidance Bochtis et al. 

(2014a) 

Integrate the route planning of the machine 

and the modelling of animal behaviour 

 

Observing wildlife avoidance, Bochtis et al. (2014a) integrated the operation 

of agricultural machines and the modelling of animal behaviour. The authors 

observed two instances of field constellations and an incapacitated machine. The 

output provided an algorithmic generation of an operationally feasible plan for the 

agricultural machine that has been tested against suspected animal escape reactions. 
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2.4 Algorithms for Agricultural Route Planning 

Several studies used heuristics algorithms in ARP. Among others, the 

heuristic algorithms used are the Clarke-Wright (Seyyedhasani & Dvorak, 2017) and 

the greedy algorithm (Oksanen & Visala, 2009). Besides heuristic algorithms, most 

research suggested metaheuristic approaches to address the route planning problem. 

The most common algorithms applied to the problem are the Genetic Algorithm 

(Gracia et al., 2014; Hameed et al., 2013; Nazarahari et al., 2019) and Tabu Search 

(Graf Plessen, 2019; Seyyedhasani & Dvorak, 2017, 2018a). 

Both Bochtis and Vougioukas (2008) and Seyyedhasani and Dvorak (2017) 

used the Clarke-Wright algorithm for ARP. This method is used to compute traversal 

sequences for an agricultural machine that operates on parallel tracks. This approach 

showed a reduction of non-working distance compared to naive approaches 

previously applied on farms (Bochtis & Vougioukas, 2008). However, the Clarke-

Wright solution quality for rectangular fields could not be achieved in other 

irregular-shaped fields (Seyyedhasani & Dvorak, 2017). Hence, the authors 

employed Tabu Search (TS). 

Table 5 lists the previous studies that used metaheuristic methods to 

optimise ARP. Besides Genetic Algorithm and TS, other evolutionary and 

metaheuristics algorithms found in the literature include Ant Colony Optimisation 

(Bakhtiari et al., 2013; Zhou et al., 2014), Simulated Annealing (Conesa-Muñoz et 

al., 2016a), and Particle Swarm Optimisation (Sethanan & Neungmatcha, 2016). 

The Genetic Algorithm, Ant Colony Optimisation and Particle Swarm 

Optimisation can be categorised as Evolutionary Algorithms (Yu & Gen, 2010). 

Section 2.4.1 reviews Evolutionary Algorithms and Section 2.4.2 reviews TS and 

other metaheuristics used in ARP. 
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Table 5. Research on the metaheuristics method for route planning 

Algorithms Examples of Studies Objectives 

Genetic Algorithm Gracia et al. (2014)  Optimise the route of vehicle for 

biomass collection 

 Hameed et al. (2013) Optimise the route planning of field 

robots 

 Nazarahari et al. (2019) Optimise route planning of multiple 

mobile robots 

Tabu Search Seyyedhasani and 

Dvorak (2017) 

Reduce the fieldwork time 

 Seyyedhasani and 

Dvorak (2018a) 

Optimise the dynamic routing of 

the vehicle 

 Graf Plessen (2019) Optimise the route planning in full 

and partial field coverage 

Ant Colony 

Optimisation 

Bakhtiari et al. (2013)  Optimise the route planning of 

capacitated field operation 

 Zhou et al. (2014) Optimise the route planning of field 

with obstacles 

Simulated Annealing Conesa-Muñoz et al. 

(2016a) 

Optimise the route planning in 

herbicide application 

Particle Swarm 

Optimisation  

Sethanan and 

Neungmatcha (2016)  

Optimise the route planning in 

sugarcane field operation 

 

2.4.1 Evolutionary Algorithms 

Evolutionary Algorithms are inspired by the evolution of the organism, 

based on Charles Darwin’s Theory of Evolution. In the literature, evolutionary 

processes are applied to a large variety of different problems and therefore became 
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significantly adapted and modified; however, the main concept was kept as follows. 

Evolutionary Algorithms are characterised by the presence of a group of individuals 

(population) subjected to population pressure, which contributes to natural selection 

(i.e. survival of the fittest) and results in an improvement of the population’s average 

fitness. Fitness is an indicator of the degree of adaptation of the species to the 

environment. The higher the fitness, the more the individual adapts and fits the 

environment (Câmara & Câmara, 2015). 

Generally, Evolutionary Algorithms focus on a subset of structures 

characterised by the biological evolutionary process. The convergence of 

Evolutionary Algorithms is not influenced by variations of the objective function. 

They can be utilised not only as a substitute for conventional optimisation but also 

expanded and enhanced (Yu & Gen, 2010). Evolutionary Algorithms may also tackle 

single and multi-objective optimisation, which is likely to involve more than one 

discipline (Knuth, 2007). They have significant benefits over traditional methods 

since they can be implemented simultaneously with different variable types (Galvan 

et al., 2003). 

Evolutionary Algorithms conduct optimisation with the ability to evolve. 

According to Yu and Gen (2010), Evolutionary Algorithms have the following three 

key characteristics: 

1. Population based 

Evolutionary Algorithms create a group of candidate solutions, called a 

population, to optimise the problem. The population is a fundamental 

principle of the evolutionary process. 

2. Fitness oriented 

Every solution is called an individual in a population. Every individual has 

its own characteristics and performance evaluation (fitness value). 

Evolutionary Algorithms select fitter individuals with a higher probability. 

This is the main principle of optimisation and its convergence to local or 

global optima. 

3. Variation driven 
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Individuals must experience a series of different operations to mimic gene 

changes in genetics. The operations include several variations of the 

recombination process (e.g. crossover and mutation) that are key to finding 

a solution. 

Figure 3 shows the general flowchart of an Evolutionary Algorithm. The 

algorithm starts with the generation of a new population, and the fitter individuals are 

selected. The selected individuals are recombined with specific operations. The 

fitness evaluation is performed to detect the best individual. If one of the stopping 

criteria of the algorithm is met, the algorithm will end, otherwise it will repeat the 

process from the selection of fitter individuals. The examples of stopping criteria are 

the maximum number of generations/iterations reached or if there is no improvement 

in the solution after several generations. 

 

Figure 3. General flowchart of an Evolutionary Algorithm (adapted from Voratas 
Kachitvichyanukul (2012)) 

An increased performance of Evolutionary Algorithms is usually obtained 

by using hybrid approaches. An example of a hybrid approach in Evolutionary 

Algorithms is the combination of an Evolutionary Algorithm with a Local Search 

(Jung & Moon, 2002). Local Search can be applied to the best individual of an 
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Evolutionary Algorithm to find improvement in the solution. Local Search will be 

explained further in Section 2.4.2.2.1. 

The Genetic Algorithm is the most well-known Evolutionary Algorithm. 

Sections 2.4.1.1 to 2.4.1.3 give a short description and an example of the application 

of the Genetic Algorithm, Ant Colony Optimisation and Particle Swarm 

Optimisation, respectively. 

2.4.1.1 Genetic Algorithm 

The Genetic Algorithm (GA) is an optimisation method based on the 

concept of genetics and natural selection. GA uses a population formed of 

individuals to evolve to a state that maximises fitness under the defined selection 

procedure (Haupt & Haupt, 2004). In general, GA simulates a natural evolution 

process that generates individuals by selecting the best candidates from the current 

generation to be applied crossovers and mutations. GA is an effective optimisation 

technique with possible application to many types of problems (Gen & Cheng, 

2000). This is possible as the representation of the individuals and the operators is 

adaptable and requires only fragments of knowledge. GA only optimises values of 

the objective function, not their derived function or other auxiliary knowledge 

(Sivanandam & Deepa, 2008). The following terminology is used in GA: 

 Chromosome 

An individual of the population (species). Different generations contain a 

potentially different population. Every chromosome portrays a possible 

solution to the problem. 

 Genes 

A chromosome is composed of genes (features/characters). Genes are 

located at specific places on chromosomes called loci (positions). 

 Fitness 

The objective function/value that defines whether a solution is excellent. 

The fittest chromosomes with the best fitness will survive. 
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Figure 4 illustrates one generation of a GA. A generation in GA contains a 

new population with several chromosomes. Generally, the algorithm starts from the 

generation of a new population and continues with the selection of chromosomes 

with a better fitness value. The higher the fit of a chromosome, the higher its chances 

to be selected. Crossover and mutation are applied to the chosen chromosomes with a 

given probability rate. The crossover process cuts two chromosomes at one point, 

and the halves are spliced together to create new chromosomes. Meanwhile, the 

mutation process changes the value of genes in a small group of chromosomes. 

Crossover is significant because it allows characteristics from two different parents 

to be mixed, while mutation makes a few random changes, which can be an excellent 

way to quickly explore the search space (Sivanandam & Deepa, 2008). 

After crossover and mutation, the fitness evaluation detects the best 

solution, which is recorded. The whole process in Figure 4 is repeated until a 

stopping criterion is met. The process of evolution in a population of chromosomes 

over multiple generations represents a search for a good and feasible solution. 

 

Figure 4. Illustration of a generation in a Genetic Algorithm 

In the context of ARP, Gracia et al. (2014) aimed for a reduction to the total 

distance travelled in biomass transport by using GA and Local Search to adjust the 

exploration and exploitation of the method. Hameed et al. (2013) worked on the 

navigation of field robots by using GA to obtain relatively low computational times 

compared to an off‐line planning system. GA was utilised to optimise the harvest 

plan of sugarcane to make the harvesting point as close as possible to the ideal 

(Florentino et al., 2018). Nazarahari (2019) used an extended GA to solve the route 
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planning of multiple mobile robots. The extended GA used five arithmetic crossover 

and mutation operators to find the optimal route. 

2.4.1.2 Ant Colony Optimisation 

Ant Colony Optimisation (ACO) is an Evolutionary Algorithm inspired by 

the behaviour of ants (Barbosa, 2013). It is a search technique inspired by the 

pheromone trail behaviour of actual ant colonies. Once the ants eat, they walk back 

to the nest through the forest marking the path with a pheromone, a chemical 

indicator, as a guide for their nest-mates to the food source. Individual ants might 

first follow different pathways to the same food source. Yet, the shortest trail will 

accumulate the highest concentration of pheromone, increasing the probability of 

being chosen. In ACO, a group of agents, or artificial ants, look for good solutions to 

a given optimisation problem (Adrian et al., 2015). The following terminology is 

used in ACO: 

 Ant 

An individual in a colony or population for different iterations. Every ant 

represents a possible solution to the problem. 

 Pheromone 

A trail deposited by ants with food (representing a solution) as they return to 

their nest; the pheromone attracts other ants along the trail to find the food. 

 Evaporation 

A variable that decreases all trail values over time, to prevent unlimited trail 

accumulation over a component. The evaporation (in the trail) will enable 

the ant colony to slowly forget history and direct the searching in new 

directions. This process will avoid convergence to a locally optimal 

solution. 

The objective is to find the shortest path in a graph containing vertices and 

edges. In ACO, every edge is associated with a parameter called a pheromone, which 

used and modified by the ants to travel the graph and find the solution (Dorigo & 

Stützle, 2004). 



 

26 

At every iteration, each ant constructs a solution (the path with no revisited 

vertices) by using a stochastic process of pheromone bias to select the next vertex 

and, thus, the path. At the end of an iteration, the pheromone values are adjusted 

(increase frequency while evaporating) proportionally to the level of the quality of 

the solutions produced by each ant as a stimulus in the path selection in the next 

iteration (Panigrahi et al., 2011). 

In ARP applications, Zhou et al. (2014) used ACO for a problem containing 

a single field with obstacles. The authors demonstrated that ACO could produce 

better solutions compared to the farmers’ manual operations. Bakhtiari et al. (2013) 

also applied ACO to optimise the non-working distance of capacitated field 

operation. A comparison of the ACO optimal plan with the conventional operator-

generated plan shows savings in the non-working distance. 

2.4.1.3 Particle Swarm Optimisation 

Particle Swarm Optimisation (PSO) is inspired by the social behaviour of 

birds flocking or fish schooling. PSO is initialised with a group of random solutions 

and an optimum solution is investigated by updating swarms (Panigrahi et al., 2011). 

The following terminology is used in PSO: 

 Particle 

Individuals in a swarm or population for different iterations/generations. 

Each particle represents a possible solution to the problem. 

 Position 

A position vector or location vector that represents the position of a particle 

in space. 

 Velocity 

A variable to direct the movement or motion of a particle’s position. It is 

similar to local minimisers that use derivative information because velocity 

is a position derivative. 

Generally, the concept in PSO is that the rest of the swarm will be able to 

follow quickly if one particle sees a desirable path to go (e.g. to food or safety). The 
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particles fly through the problem space by following the current optimum particles. 

To support the exploration of the search space, each particle typically has a certain 

level of randomness in its movement so that the swarm’s movement has a particular 

explorative ability. The explorative ability means that the swarm should be 

influenced by the rest of the swarm but it should also explore to some extent 

independently (Sivanandam & Deepa, 2008). 

Every particle is provided with a position and a velocity within the 

multidimensional space. A swarm of particles with randomly initialised positions and 

velocity would move towards the (local) optimal position along a path that is 

iteratively updated based on the current best position of each particle and the global 

best position of the whole swarm. The particle that has the current best position 

(solution) from a swarm of particles in an iteration is termed cBest. The particle that 

has the best position of the whole swarm in the iterations so far is termed gBest. Each 

particle continuously focuses and refocuses its search effort based on both cBest and 

gBest. This behaviour mimics the adaptation of a biological agent in a swarm: an 

individual judges its position based on specific objective requirements, compares 

itself with the others and imitates the best in the whole swarm. PSO adjusts the 

velocity vector for each particle and then applies that velocity to the position or 

values of the particle (Haupt & Haupt, 2004). 

Every particle’s fitness is evaluated based on an objective value. If a 

particle’s fitness is better than cBest, the position vector for the particle is saved as 

the new cBest. If the fitness is better than gBest, the position vector for the particle is 

kept as the new gBest. The particle’s velocity and position are updated based on 

cBest and gBest. The swarming process is best illustrated by following the path of 

one of the particles until it reaches the global minimum (Clerc, 2010). 

In ARP applications, Sethanan and Neungmatcha (2016) employed PSO 

with several structures for route planning in a sugarcane field operation; it provided 

competitive results compared to the basic GA. 
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2.4.2 Other Metaheuristics and Heuristics Methods 

2.4.2.1 Neighbourhood Search 

2.4.2.1.1 Local Search 

Local Search is a heuristics approach of finding approximate solutions to 

difficult optimisation problems. The general idea is to start from an initial solution by 

examining neighbouring solutions and then search for successive improvements. 

Local Search is based on an iterative exploration of the neighbourhood structure N(x) 

of the current solution x. N(x) uses combinatorics or mutation operator to define the 

neighbours, for example, swap, insertion/add and interchange (Vaessens et al., 1998). 

Beginning with the initial solution x, Local Search looks for a better solution 

x’ from N(x) for each iteration. If x’ is found, it will be set as the new solution x. 

Local Search will finish after finding a solution x in a way that the local optimum is 

already achieved concerning N(x). The most popular search strategies are: 1) first 

improvement or greedy, where an improved solution being identified in N(x) is 

directly set to be the solution for the next neighbourhood; and 2) best enhancement, 

which selects the best of all solutions in N(x) to be the new solution x (Hansen et al., 

2017). 

2.4.2.1.2 Variable Neighbourhood Search 

Variable Neighbourhood Search (VNS) is a solution refining approach that 

conducts a search inside a solution space that repeatedly alternates the 

neighbourhood structures (Mladenović & Hansen, 1997). VNS embeds a Local 

Search heuristic for solving the problem. VNS is based on incremental adjustments 

in the neighbourhoods, either in the descent phase (to find a local minimum ) or in 

the disturbance phase (to escape from the local optima) (Hansen et al., 2010, 2017). 

Let N = {N1(x), N2(x),………, Nk(x)} be a set of various neighbourhood 

structures. The basic version of the VNS method begins with the exploitation of 

N1(x) according to a specified search strategy for this structure. Once the exploitation 

of N1(x) has been completed (no improvement options found after several iterations), 

the exploitation of N2(x) begins. If improvement is found at the end of the 

exploitation of N2(x), the neighbourhood search N1(x) shall be resumed. Otherwise, 
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the next neighbourhood would be exploited (i.e. N3(x), and so on). This cyclical and 

systemic alternation of neighbourhoods continues until Nk(x) is explored without 

improving the current solution or until any of the stopping criteria are met (Marinho 

Diana & de Souza, 2020) 

2.4.2.2 Tabu Search 

Tabu Search (TS) is a Local Search algorithm traversing the solution space 

by moving iteratively from the current solution to a (best) solution in its 

neighbourhood. The TS process begins with a feasible solution and moves towards a 

neighbouring solution such that an optimal or near-optimal solution is obtained after 

a number of moves. TS improves the search by not re-evaluating points already 

visited in search space. Such a point is considered ‘tabu’ to be rechecked (for several 

iterations). This method makes use of flexible memory structures with restrictions 

and aspiration criteria that exploit the search spaces (Glover & Laguna, 1997). 

The general approach is to avoid entrapment in loops by preventing or 

penalising moves considered to be a tabu solution. The main elements of TS are the 

tabu list, tabu tenure and aspiration criteria. The tabu list contains several tabu moves 

or solutions that are prohibited from being chosen for the next iterations. Tabu tenure 

is the number of iterations in which the tabu move is regarded to remain tabu. 

Aspiration criteria are standard to accept an improved solution, even if it is created 

by a tabu move (Vaessens et al., 1998). 

The first step in the decision process of TS is constructing several moves 

(candidate solution) in the neighbourhood. For the next step, pick a move and check 

whether the move is tabu (the move is tabu if listed in the tabu list). If the move is not 

tabu, accept the move to traverse to the chosen neighbour (centre for the next 

iteration), otherwise, check the aspiration criteria of the move. If a tabu move meets 

the aspiration criteria, accept the move, otherwise refuse the move. If the new 

solution from an accepted move is better than the current solution, update the 

solution. The decision process will be repeated for a number of given iterations (Ji & 

Tang, 2004). 

In ARP applications, Seyyedhasani and Dvorak (2017) and Seyyedhasani 

and Dvorak (2018a) used TS to decrease the fieldwork time and dynamic routing of 
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multiple machines in agricultural operations. TS was selected for its capacity to 

compel the improvement technique to widen the search and prevent local optima. 

The outcomes demonstrate that in irregular-shaped fields, TS can enhance the 

effective field capacity more successfully than the Clarke-Wright method 

(Seyyedhasani & Dvorak, 2017). TS was also employed by Graf Plessen (2019) to 

minimise the non-working distance in full and partial field coverage in irregular-

shaped fields. The authors highlighted the use of the tabu list in TS for better 

exploration of the algorithm and low computation runtimes in TS. 

2.4.2.3 Simulated Annealing 

Simulated Annealing (SA) simulates the annealing process in which a solid 

material is heated above its melting point and then slowly cooled to create a 

crystalline lattice that minimises its energy probability distribution. This crystalline 

lattice, made up of millions of perfectly arranged atoms, is an example of nature 

seeking an ideal structure. However, the rapid cooling or squeezing of the material 

slows down the crystal formation, and the product becomes an amorphous mass with 

a higher than optimum energy level. The secret to crystal formation is to regulate 

carefully the rate of temperature change. SA starts at a high temperature, which 

decreases exponentially. The slower the cooling, the better it is for finding the right 

solution (Laarhoven & Aarts, 2013). 

Every iteration of the SA algorithm replaces the previous solution with a 

random ‘close’ solution. A cooling schedule controls the probability of accepting this 

solution. The cooling schedule depends on the difference between the corresponding 

function values and the global temperature parameter, which is gradually decreased 

during the process. The temperature is usually lowered slowly so that the algorithm 

has a chance to find the potential best valley before trying to get to the lowest point 

in the valley (Kirkpatrick et al., 1983). 

SA can also be defined as a global search algorithm based on a Local Search 

system. SA can consider the worst result of a Local Search with a specific 

probability. SA uses a Local Search to discover the neighbourhood given by the 

current solution x. The Local Search will suggest a new solution y based on a defined 

acceptance probability of y taking the place of x (Yu and Gen, 2010). 
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SA hybridised with Mix-opt (mutation operators) has been used to plan the 

route of autonomous machines in herbicide application (Conesa-Muñoz et al., 2016b, 

2016a). Mix-opt is used to accelerate the convergence of SA in the optimisation of 

ARP. 

2.5 Research Gaps 

Thus far, previous research tends to be limited to isolated case studies 

investigating the optimisation of small and real-world examples. Most of the works 

present different real-world or hypothetical fields without observing previous fields’ 

data from the literature. The individual cases were addressed with no comparative 

benchmarks across different datasets. Therefore, the data from the previous studies 

needs to be collated to become benchmark datasets. 

Table 6 shows the previous ARP literature, which varies in constraints and 

details. The table shows the studies that consider both field tracks the machine 

manoeuvres. 

The second column of Table 6 lists the authors of the previous ARP studies. 

The third and fourth columns of Table 6 show the number of instances and number 

of fields in that instance, respectively. The number of instances refers to the number 

of different fields considered in the previous study. The fifth column of Table 6 lists 

the adjacency of the fields in the instances, while the sixth and seven columns refer 

to the multiple machines and capacity constraints. The last column refers to the 

presence of obstacles or barriers in those instances. 

As shown in Table 6, most current studies on ARP focus on dealing with a 

single field, and there is limited research on ARP with multiple fields in an instance. 

The fourth column of Table 6 shows that none of the studies considers fields’ 

adjacency. Furthermore, most of the ARP research utilised a single machine without 

capacity constraints. Hence, this study is the first to address several constraints 

simultaneously in ARP. 
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Table 6. The variations in ARP planning problems that consider both field tracks 
and machine manoeuvres 

No. Authors 
No. of 

instances 

Number 

of fields 

Fields’ 

adjacency 

Multiple 

machines 

Machine’s 

capacity 

Different 

capacity 

1 Graf Plessen (2019) 3 1 no no no no 

2 
Seyyedhasani, Dvorak, 

and Roemmele (2019) 
1 1 no yes no no 

4 
Seyyedhasani and 

Dvorak (2018a) 
1 1 no yes no no 

5 
Seyyedhasani and 

Dvorak (2018b) 
3 1 & 2 no yes no no 

6 Paraforos et al. (2018) 1 1 no no no no 

7 Edwards et al. (2017) 12 1 no no no no 

8 
Plessen and Bemporad 

(2017) 
1 1 no no no no 

9 
Seyyedhasani and 

Dvorak (2017) 
1 1 no yes no no 

10 
Conesa-Muñoz et al. 

(2016a) 
2 1 & 3 no yes yes no 

11 
Conesa-Muñoz et al. 

(2016b) 
1 1 no yes yes no 

12 Bochtis et al. (2015) 1 1 no no no no 

13 
Jensen, Bochtis, and 

Sørensen (2015) 
3 1 no no yes no 

14 Zhou et al. (2015) 3 1 no no yes no 

15 
Gonzalez-de-Soto et al. 

(2015) 
1 

1 
no yes no no 

16 Zhou et al. (2014),  2 1 no no no no 

17 Bochtis et al. (2014) 2 1 no no no no 

18 Hameed et al. (2013) 1 1 no no no no 

19 Bochtis et al. (2013) 2 1 no no no no 

20 
Spekken and Bruin 

(2013) 
3 

1 
no no yes no 

21 Bakhtiari et al. (2013) 2 1 no no no no 
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No. Authors 
No. of 

instances 

Number 

of fields 

Fields’ 

adjacency 

Multiple 

machines 

Machine’s 

capacity 

Different 

capacity 

22 Hameed et al. (2011) 2 1 no no no no 

23 Bochtis et al. (2010) 1 1 no no no no 

24 Jin and Tang (2010) 7 1 no no no no 

25 
Oksanen and Visala 

(2009) 
12 1 no no no no 

26 
Bochtis and Vougioukas 

(2008) 
2 1 & 3 no no no no 

Several studies have focused on real-world scenarios and the 

implementation of standard algorithms rather than considering specific ARP 

configurations in algorithm development (Jensen et al., 2015; Seyyedhasani & 

Dvorak, 2018a). As mentioned earlier, most of the previous research used existing 

metaheuristic methods for ARP. The nature of ARP of being a NP-hard problem 

implies the need to create and implement advance algorithms, not only to enhance 

the quality of solutions but also to manage the efficiency of the algorithm itself. 

Preliminary experiments showed that solutions of several instances in previously 

published studies were not optimal and the proposed algorithms in this study can find 

solutions with a lower objective function value 

To conclude, there are several research gaps, as indicated earlier. These are: 

1. No study on benchmark dataset is found in the literature. 

2. Most of the algorithms in ARP are still limited to the standard 

algorithms. 

3. Research using multiple fields and multiple machines in an instance is 

very limited. 

4. No research has been found that considers all the constraints in Table 1 

(fields’ adjacency, multiple machines, machine’s capacity) at the same 

time. 
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Chapter 3. Overview of the General Problem 

As mentioned earlier, this research focuses on CPP in the agricultural field, 

which has tracks, and considers machine manoeuvres. The problem has been labelled 

as Agricultural Routing Planning (ARP). ARP aims to optimise the logistics of the 

machines in relation to their in-field movements and to other farm locations such as 

the depot or machine shed. The term ‘machine’ refers to the agricultural vehicle used 

by farmers to perform the agricultural operation in the field. This chapter presents a 

general description of ARP in Section 3.1, a representation of ARP in Section 3.2, 

the basic mathematical model of ARP in Section 3.3, and the manoeuvres of the 

machine in Section 3.4. 

3.1 Description of the General Problem 

In ARP, the field consists of several tracks or lanes. The tracks may contain 

crops, as illustrated in Figure 5. The machine can traverse each track sequentially or 

skip one or more tracks to do the field operation in the tracks. Each of the parallel 

tracks of a given, possibly different, length must be crossed exactly one time by a 

machine. The number of machines is possibly more than one with or without a fixed 

capacity. The capacity refers to the maximum volume of a machine to be filled with 

harvested crops. 

 

Figure 5. A field with five tracks of crops in ARP 
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The objective of ARP is to determine the sequence of tracks to minimise the 

cost of operations relative to the travelled distance. Cost, distance and time as a 

metric for the ARP’s objective are positively correlated. The further the distance and 

the longer the time to complete the field operation, the higher the operating costs of 

the machines. 

3.2 Representation of the Problem 

Figure 6(a) illustrates a field with 12 tracks that need to be traversed by the 

machine(s). The parallel tracks of a given, possibly different, length must be 

traversed by a given number of machines with or without a defined capacity. The 

capacity refers to the maximum volume of a machine to be filled with harvested 

crops. The tracks have a so-called headland area at each end (marked in grey in 

Figure 6) to allow machines to perform manoeuvres to change direction or shift to 

another track. In ARP, the tracks represent nodes or vertices on a graph. Each node 

must be visited by exactly one machine. The arcs connecting the two nodes represent 

a way for the machine to switch from one track to another. In some instances, the 

machines start and end at a specific location outside the tracks, such as the farm 

depot. The goal is to find the minimum length of all trips for a group of machines to 

cover all tracks. 

The optimisation algorithm assigns machines to specific routes based on their 

capacities. For example, if a machine cannot carry any more harvested crop, it must 

return to the depot to unload before beginning the next trip. This study assumes a 

uniform amount of harvest per distance travelled. Therefore, the machine capacity 

can be defined by the maximum distance that can be travelled on a single trip.  

Figure 6(b) provides an example of two potential solutions to the problem. 

The first alternative (dotted edges) shows a tour where one machine is capable of 

harvesting the whole area. The second alternative utilises two machines, each of 

which covers a segment of the map. One machine covers the green part (Tracks 1–7) 

while the other one is traversing the remaining part (Tracks 8–12). 
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Figure 6. Illustration of (a) ARP in the field with 12 tracks; and (b) the possible 
solutions to the problem 
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3.3 Number of Fields 

ARP can consider the agricultural operations in a single field or multiple 

fields. The illustration of the problem with a single field can be found in Figure 6(a). 

The majority of the previous research in ARP focuses on a single field. The details of 

the problem with a single field can be found in Chapter 4. 

An example of problems with multiple fields is shown in Figure 7. The left 

side of Figure 7 is a case with two fields, while the right side is a case with four 

fields. The blue line indicates the tracks while the red line is the field border. The 

green square represents the field entrance, while the red square is the depot. The 

details and the representation of the problem with multiple fields can be found in 

Chapter 5. 

 

Figure 7. The illustration of the ARP problem with multiple fields 

 

3.4 General Mathematical Model 

The following mathematical formulation represents a basic ARP model (one 

vehicle, unlimited capacity, one field). Table 7 provides the notations of the general 

mathematical model for ARP. 
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Table 7. The variables of the basic mathematical model of ARP 

Variable Definitions 

G Graph G = {N, A} representing the ARP 

𝑁 Set of nodes in Graph G 

S Subgraph of Graph G, ∀𝑆 ⊆ 𝑁 

A Set of arcs in Graph G  

i, j Nodes (tracks) index (𝑖, 𝑗 = 0,1,2, … , 𝑁) 

cij Value associated with arcs (i,j) ∈ A representing distance, cost or time to 

transit from i to j 

xij Decision variable, 𝑥 = 1 if the machine moves from Nodes i to Nodes j, 

otherwise 𝑥 = 0 

 
 

𝑓 = 𝑚𝑖𝑛 ∑ ∑ 𝑐 𝑥∈∈                       (1) 
 

Subject to: 

∑ 𝑥∈ = 1 , 𝑗 ∈ 𝑉: 𝑖 ≠ 𝑗       (2) 

∑ 𝑥∈ = 1 , i ∈ 𝑉: 𝑖 ≠ 𝑗       (3) 

∑ 𝑥∈ = ∑ 𝑥∈ , 𝑖 ∈ 𝑉       (4) 

∑ ∑ 𝑥∈ ≤ ‖𝑆‖ − 1, ∀𝑆 ⊆ 𝑉, ‖𝑆‖ ≥ 1     (5) 

 

Equation (1) is an objective function aimed at reducing the total cost, time 

or distance defined by a series of arcs. The constraints of this objective function are 

determined by Equation (2) through to Equation (5). Equations (2) and (3) ensure 

that each node is visited only once. Equation (4) guarantees that when the machine 

reaches the vertex, it also leaves the vertex. Equation (5) is the sub-tours elimination 

restriction that excludes every disjoint sub-tour from the solution. 

A range of assumptions are utilised in the formulation of mathematical 

models to describe fieldwork operations through the ARP. First, when a machine 

traverses a track, it will complete the field operation for that track. Second, the field 
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is assumed to be situated on flat land or surface, and the tracks are assumed to be 

straight and parallel. Third, the headland area is considered wide enough for the 

machine to manoeuvre. 

The problem can also vary with the individual capacity for each vehicle to 

accommodate heterogeneous machines with a variety of handling characteristics 

assuming they operate on the same paths. The maximum distance inside the track 

will depend on the maximum capacity of a machine. The modification and extension 

of the mathematical model can be found in Sections 4.3 and 5.2. 

3.5 Machine Manoeuvres 

Figure 8 illustrates the four kinds of machine manoeuvres considered in this 

study: (a) bulb, (b) flat, (c) flatΘ and (d) bulbΘ. The formula to calculate the length 

of the manoeuvres is based on Jin and Tang (2010). The brown machine represents 

the current location of the machine, while the grey machine represents the machine 

before manoeuvring. 

 

Figure 8. The four types of machine manoeuvre considered in this research 
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Figure 9 illustrates the condition of the manoeuvres, adapted from Bochtis 

and Vougioukas (2008). The top side of Figure 9 shows an ARP problem and the 

connection of operating width (𝑤) and the minimum turning radius of a machine (r), 

while on the bottom side is a corresponding graph that represents each track as a 

node on the graph. 

 

Figure 9. Illustration of (top) the problem where required to skip a track to do a 
flat turn; and (bottom) the related turning forms of the machine 
(adapted from Bochtis and Vougioukas (2008)) 
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In Figure 9, since 𝑤 > 𝑟 and 𝑟 > 𝑤/2, the flat (Π) turn can be made when a 

machine skips at least one track. Otherwise, the bulb (Ω) turn will take place. Figures 

8(c) and 8(d) describe the flatθ and bulbθ turns, which happen when the previous 

track and the next track are aligned with an acute angle 𝜃 < 90. 

The formulas to calculate the length of the manoeuvres are listed in Table 8 

(Jin & Tang, 2010). Every track is symbolised with a number. The i refers to the 

current track, j is the next track, and |i-j| is the absolute distance between i and j. For 

example, if i = 3 and j= 1, than |i-j| = 2. 

Table 8. The type of manoeuvre and the formula to calculate the length required 
for that manoeuvre 

Type of 

Manoeuvre 
Calculation Formula 

Flat (Π) r 3𝜋 − 4 sin
2r + |𝑖 − 𝑗|𝑤

4𝑟
 

Bulb (Ω) |𝑖 − 𝑗|𝑤 + (𝜋 − 2)r 

FlatΘ (Π𝜃) |𝑖 − 𝑗|𝑤(1 + cot 𝜃) + 𝑟(𝜋 − 2) 

BulbΘ (Ω𝜃) 

𝜋𝑟 +
4𝑟 − |𝑖 − 𝑗|𝑤(4𝑟 + w cot 𝜃 + w)

4𝑟 − 2w|𝑖 − 𝑗|

× sin
|𝑖 − 𝑗|𝑤(4𝑟 cot 𝜃 − 2w cot 𝜃)

4𝑟 − |𝑖 − 𝑗|𝑤(4𝑟 + w cot 𝜃 + w)
 

 

The ARP with a capacitated machine is close to VRP, while the general 

ARP without considering capacity constraint is similar to TSP (Bochtis & Sørensen, 

2009). Since both VRP and TSP are considered as NP-hard (Bochtis & Sørensen, 

2009; Wang et al., 2019), then we can assume that ARP also belongs to NP-hard 

problems. 
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Chapter 4. Optimisation of Dataset in ARP  

This chapter is written as the author’s journal article ‘Optimisation of 

agricultural routing planning in field logistics with Evolutionary Hybrid 

Neighbourhood Search’ published in Biosystems Engineering, vol. 184, 2019. The 

full paper can be found in Appendix A. Sections 4.3 to 4.5 are taken directly from the 

article (Utamima et al., 2019c), while Sections 4.1 and 4.2 are enriched with 

additional information. 

As indicated earlier, previous ARP studies that focus on benchmark datasets 

are not found in the literature. The lack of benchmarking for the collection of 

datasets limits the comparability of algorithms and the encouragement of the transfer 

of findings to other instances. Hence, Utamima et al.’s (2019) study is the first to 

gather problem datasets from previous publications that describe different field 

layouts. The layouts were derived either from those given in the literature or by 

requesting them from the previous authors. The collected datasets are presented in 

Section 4.1 and 4.2. 

4.1 Rectangular Fields 

The rectangular field is the general type most researchers use in ARP 

studies (Bochtis & Sørensen, 2009). The field typically has four sides, with headland 

areas in the north and south of the field. Table 9 presents the details of the dataset 

containing the rectangular fields identified in the previous publications. The second 

and third columns of Table 9 list the problem codes and the number of tracks 

(problem size) in the field. The ‘Track Width’ and ‘Track Length’ columns contain 

the width and length of the tracks, the ‘Type of Manoeuvre’ column refers to the 

types of manoeuvres that can be used in this particular dataset, the ‘Machine’ column 

details the number of machines that are used—note that all cases use the 

homogeneous type of machine(s), the ‘Turning Radius’ column refers to the 

machine’s turning radius, and the last column lists the references to the data. 
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Table 9. The dataset that contains rectangular fields  

No. 
Problem 

Code 
Size  

Track 

Width 

(metres) 

Track 

Length 

(metres) 

Type of 

Manoeuvre 

Machine 

(Homogeneous 

type) 

Turning 

Radius 

(metres) 

References 

1 8rt 8 2.89 30 Flat, bulb 1 (single) 3.50 (Bochtis & 

Vougioukas, 2008) 

2 12rt_a 12 2.5  40 

Flat, bulb 1 (single) 3.50 
(Conesa-Muñoz et 

al., 2016a) 
3 12rt_b 12 2.5  70 

4 20rt 20 2.5 80 

5 90rt 90 10 100 Flat, bulb 3 (multiple) 7.00 (Seyyedhasani & 

Dvorak, 2017) 

 

4.2 Irregular-Shaped or Non-Convex Fields 

The irregular-shaped or non-convex field is a field that varies in shape from 

trapezium to curved; see Figure 10 for an illustration of irregular-shaped fields. 

These fields are closer to real cases and general farm layouts (Zhou et al., 2014). 

 
Figure 10. The illustration of the irregular-shaped fields 

Table 10 listed the datasets with irregular-shaped fields used in previous 

studies. Problem 1 is a field with 37 tracks, observed in Conesa-Muñoz et al. (2016a) 

and Hameed et al. (2011). The length of the field varies between 19.89 and 206.8 

metres, with three kinds of manoeuvres and operated by a single machine. Problems 

2 and 3 use the same field but with 74 tracks. The difference between this and 

Problem 1 is that Problem 2 only considers two manoeuvres, as presented in 

Seyyedhasani and Dvorak (2018b), while Problem 3 considers four manoeuvres. 

Problem 4 is an H-shaped field, as described in Oksanen and Visala (2009). 
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Table 10. The datasets that contain the irregular-shaped 

No 
Problem 

Code 
Size  

Track 

Width 

(metres) 

Track 

Length 

(metres) 

Type of 

Manoeuvre 

Machine 

(Homogeneous 

type) 

Turning 

Radius 

(metres) 

References 

1 37nc 37 9 Vary 

between 

19.89 and 

206.8 

Flat, bulb, 

flatΘ 

1 (single) 6.00 (Conesa-

Muñoz et al., 

2016a; 

Hameed et al., 

2011) 

2 74nc 74 

 

19 

 

Vary 

between 

54.08 and 

671.56  

Flat 3 (multiple) 9.77 

 

(Seyyedhasani 

& Dvorak, 

2018) 

3 74nc2 74 19 Flat, bulb, 

flatΘ, 

bulbΘ 

3 (multiple) 9.77 - 

4 62Hs 62 2.5 Vary 

between 

75 and 

210 

Flat, bulb 1 (single) 2.30 (Oksanen & 

Visala, 2009) 

 

4.3 Mathematical Model 

Table 11 listed the variables used in the mathematical model. The 

mathematical model to solve the collected datasets is formulated as a binary integer 

programming model. The group of tracks in a field are assumed to be a set of nodes 

and arcs in Graph G. The detailed description of parameters is given in the 

Nomenclature. The binary decision variables (𝑥 )  indicate the movement of the 

machine(s) between two nodes. 
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Table 11. The description of variables used in the mathematical model 

Variable Description 

𝐺 Graph 𝐺 = {𝑁, 𝐴} representing the field’s layout 

𝑁 Set of nodes in Graph 𝐺 

𝐴 Set of arcs in Graph 𝐺 

S Subgraph of Graph 𝐺, ∀𝑆 ⊆ 𝑁 

n Number of tracks in the field 

i, j Nodes indices (i, j = 0, 1, 2, …, n), 0 is the depot 

T Set of tracks (t = 1, …, n)  

lt Length of track t 

𝑀 

m 

Set of machines available at the depot 

Machine m, 𝑚 ∈ 𝑀  

r The minimum turning radius of a machine 

𝜔 The effective operating width of a machine 

dij The manoeuvre’s degree between track i and j 

𝜃 

Q 

The degree of tilt between the previous and next track, note that 0 < θ ≤ 90 

the maximum distance that can be travelled by a machine(s) (the machines are assumed 

homogeneous) 

𝛺 𝑑  The bulb type of manoeuvre turn executed by a machine in the headland area 

𝛱 𝑑  The flat type of manoeuvre turn executed by a machine in the headland field area 

𝛱Θ 𝑑  

 

𝛺Θ 𝑑  

The flat type of manoeuvre turns with 𝜃 degree, executed by a machine in the headland 

field area if the previous track and the next track are aligned with an angle 𝜃 

The bulb type of manoeuvre turns with 𝜃 degree, executed by a machine in the headland 

field area if the previous track and the next track are aligned with an angle 𝜃 

𝑥  The decision variable, equal to 1 if machine m moves from node i to node j (𝑖, 𝑗 ∈ 𝐴), 

otherwise it is equal to 0 

 

The objective function (Equation 1) minimises the non-working distance of 

the machines. The total distance (Equation 2) is a sum of the total tracks’ length and 

the minimisation of the non-working distance of the machines. The non-working 

distance refers to the distance that is traversed by a machine when moving to the 

headland areas or specific locations outside the field, for example, the warehouse or 

garage. 



 

47 

A machine can perform four kind of manoeuvres. Constraints (3)–(7) 

specify the four different manoeuvres: flat (Π), bulb (Ω), flatΘ (ΠΘ) and bulbΘ (ΩΘ). 

Every track in a field is needed to be visited once, hence Constraints (8)–(9) ensure 

that every node is visited only once by the machine. Constraint (10) guarantees that if 

a machine enters a node (a track), it will also leave that node again (Flow constraint). 

Constraint (11) excludes disjoint sub-tours from a solution, hence there will be only 

one tour for each machine. Constraint (12) restricts the maximum distance for a 

machine. The last Constraint (13) specifies that the decision variable is a binary 

number. 

𝑧 = min ∑ ∑ ∑ 𝑑 . 𝑥∈∈∈        (1) 

 

𝑇𝑜𝑡𝑎𝑙 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = ∑ 𝑙 + min ∑ ∑ ∑ 𝑑 . 𝑥∈∈∈                 (2) 

s.t.           

𝑑 =  

⎩
⎪
⎨

⎪
⎧ Π(𝑖, 𝑗), 𝑖𝑓|𝑖 − 𝑗| ≤   ⋀   𝜃 = 90

Ω(𝑖, 𝑗), 𝑖𝑓|𝑖 − 𝑗| >   ⋀   𝜃 = 90

ΠΘ(𝑖, 𝑗), 𝑖𝑓|𝑖 − 𝑗| ≤   ⋀   𝜃 < 90

ΩΘ(𝑖, 𝑗), 𝑖𝑓|𝑖 − 𝑗| >   ⋀   𝜃 < 90

                    (3)  

Π(𝑖, 𝑗) = |𝑖 − 𝑗| ∙ 𝑤 + (𝜋 − 2)𝑟         (4) 

Ω(i, j) = r 3𝜋 − 4 sin
| |∙

      (5) 

ΠΘ(𝑖, 𝑗) = |𝑖 − 𝑗| ∙ 𝑤(1 + cot 𝜃) + 𝑟(𝜋 − 2)                                       (6) 

ΩΘ(𝑖, 𝑗) = 𝜋𝑟 +
| | ( )

| |
× sin

| | ( )

| | ( )
  (7)                                                     

∑ ∑ 𝑥∈∈ = 1,      𝑖 , 𝑗 ≠ 0, 𝑗 ∈ 𝑁: 𝑖 ≠ 𝑗                                        (8) 

∑ ∑ 𝑥∈∈ = 1,      𝑖 , 𝑗 ≠ 0, 𝑖 ∈ 𝑁: 𝑖 ≠ 𝑗     (9) 

∑ ∑ 𝑥∈∈ = ∑ ∑ 𝑥∈∈ ,    𝑖, 𝑗 ∈ 𝑁     (10) 

∑ ∑ 𝑥∈ ≤ ‖𝑆‖ − 1, ∀𝑆 ⊆ 𝑁, ‖𝑆‖ ≥ 1 , 𝑚 ∈ 𝑀   (11) 

∑ ∑ 𝑙 𝑥∈∈ < 𝑄 , 𝑚 ∈ 𝑀, 𝑖, 𝑗 ∈ 𝑁                                      (12)      

𝑥 𝜖{0,1}          (13) 
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4.4 Evolutionary Algorithms to Solve the Datasets 

The proposed algorithm Evolutionary Hybrid Neighbourhood Search 

(EHNS) adapts an evolutionary technique and combines it with Mutation-based 

Neighbourhood Search and Tabu Search. In general, a starting population of the 

solution is modified over multiple generations by selecting individual solutions, 

which are mutated and improved by a hybridised algorithm to form the next 

generation. The mutation operator that acted as a neighbourhood search is a strong 

technique to obtain an effective solution (Conesa-Muñoz et al., 2016b). 

In EHNS, each iteration begins with the calculation of the objective function 

of every candidate solution. Then, the roulette wheel selection is performed. The 

roulette wheel selection assumes a higher probability of the survival of candidate 

solutions with a better fitness. Here, the probability of selecting  a candidate solution 

is proportional to its fitness (Lipowski & Lipowska, 2012; Utamima et al., 2015). 

The Mutation-based Neighbourhood Search follows the previous stage. 

Figure 11 shows the pseudocode for this Mutation-based Neighbourhood Search. The 

procedure is repeated for max_iteration times. In each iteration, the roulette wheel 

selection will choose a candidate to be applied with the mutation operator.  

 

Figure 11. Pseudocode for the Mutation-based Neighbourhood Search 

 

1 Procedure Mutation_based_Neighbourhood_Search { 

2    for 1 until max_iteration { 

3       Old  Roulette_Wheel_Selection) 

4       k = rand*(3) 

5       switch k { 

6            [p1, p2]  Select_2_different_points() 

7            case 1: New  Flap(p1,p2) 

8            case 2: New  Interchange(p1,p2) 

9            case 3: New  Slide(p1,p2) 

10       } 

11    } 

12 } 
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Three kinds of mutation operators are used, as illustrated in Figure 12. For 

each operator, two points (p1 and p2) are randomly picked between 1 and n (with n 

being the size of the candidate solution), being used as input parameters for the 

following operators:  

 Flap: flips the sequence between the points p1 and p2 (Figure 12 (a)) 

 Interchange: swaps the elements at position p1 and p2 (Figure 12 (b)) 

 Slide: moves the element at p1 to p2 and shifts the remaining points forward 
(starting from p1 + 1 until p2) (Figure 12 (c)). 

 

 

Figure 12. Illustration of Flap (a), Interchange (b), and Slide (c) operators 

The new candidates from the neighbourhood search will replace the 

previous candidates in the replacement step. Next, the current best solution (cBest) 

from the Mutation-based Neighbourhood Search is checked to determine whether it 

is better than the previous best solution (prevBest) so far. If so, then prevBest will be 

replaced by cBest. Otherwise, Tabu Search will explore the local neighbourhood 

around the solution cBest. The pseudocode for Tabu Search is listed in Figure 13. 

First, the parameters, which are the tenure and the number of iterations, are 

initialised. In each iteration, the list swap_list is constructed. It contains a set of 

moves (the swap of two tracks) and the respective distances. Next, Tabu Search 

checks whether a move is tabu and whether the distance of every move (tabu_dist) is 

worse than tabu_Sol. A penalty is imposed if a move matches these conditions. 

Subsequently, Tabu Search updates the tabu_List and tabu_Sol as well. At the end of 

Tabu Search’s iteration, a tabu_Sol will contain the best solution. Then, tabu_Sol is 



 

50 

compared with the gBest (the global best solution found so far in the EHNS’s 

generations). If tabu_Sol obtains a better solution, then it will replace the value of 

gBest. Otherwise, the gBest will remain the same. 

 

Figure 13. Pseudocode for Tabu Search 

Several evolutionary strategies have been proposed to retain the best 

solution while maintaining diversity in the population. This study applies an 

evolutionary strategy called elitism (Nayeem et al., 2014; Sivanandam & Deepa, 

2008), which retains a group of the best solutions over all generations. Elitism 

records ten per cent of the best solutions in each generation to preserve them from 

extinction and copy this group to the new generation (Nayeem et al., 2014). Then, a 

randomisation technique (Haupt & Haupt, 2004) is employed to diversify the 

population. The randomisation technique, called scramble, will bring a small group 

of solutions into a random order. This scrambled group is also copied to ten per cent 

of the new generation.  

Figure 14 shows the last step of EHNS, which is the modification of the new 

generation that contains the evolutionary strategy. The number of solutions selected 

for both elitism and scramble are initially set to ten per cent each of the population 

(ElitismSize and ScrambleSize). Lines 2 to 5 in Figure 14 list the elitism process. The 

process starts with obtaining the best candidate in the current generation (best). The 

process continues to check whether best is better than the current candidate with the 

highest fitness (max(EliteGroup)) in the EliteGroup (the group of best candidate 

1 Procedure Tabu_Search (Candidate_Solution) { 
2      Initialization of Parameters 

3      tabu_Sol  Candidate_Solution 

4      for 1 until tabu_iteration { 

5          Construct swap_list 

6          Calculate tabu_dist for every move in swap_list 

7          if move is taboo and move’s tabu_dist > tabu_Sol { 

8               give move penalty 

9    } 

10          Update tabu_List(tenure) 

11          Update tabu_Sol 
12      } 

13 } 
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solutions) and replaces it if all conditions are met. Eventually, the solutions in the 

EliteGroup replace the originally selected solutions. Next, the scramble process is 

applied, as shown in Lines 9 to 11. The result is copied back into the population, 

replacing the selected solutions. 

 

 

Figure 14. Pseudocode for the modification of the new generation in EHNS 

4.5 Experimental Results in Datasets 

4.5.1 Parameter settings 

The parameter configuration is obtained by conducting a two-level factorial 

design with four factors. Every factor incorporates high and low levels 

(Montgomery, 2013). The algorithm is run ten times with varying random settings. 

Each factor is in the given range to calculate an average to compensate for the non-

deterministic nature of the algorithm (Guan & Lin, 2016). Table 12 provides the 

details of all factors and the range of each setting. The settings use n, which is the 

number of tracks in the field, to adapt to the size of the problem. The larger the size 

of the problem, the greater the number of iterations and the population size. The 

values in bold indicate better settings for EHNS. 

For the datasets introduced in Section 4.1 and 4.2, this study implemented 

GA, TS, and ACO to compare EHNS against those algorithms. The number of 

generations or iterations for GA, TS and ACO are set to match those of EHNS. In 

GA, the crossover rate is set to 0.7, and the mutation rate is 0.3, while TS’s tenure is 

1 Procedure Modify_New_Generation { 
2      best  get_BestCandidate() 

3      if best < max(EliteGroup){ 

4          EliteGroup[max(EliteGroup)]  best 

5      }      

6      for i=1 until ElitismSize { 

7          New_Population[i]  EliteGroup[i] 

8      } 

9      for j=i+1 until i+ScrambleSize { 

10          New_Population[j]  rand(n) 

11      } 

12 } 



 

52 

set to 0.5n (Ou-Yang & Utamima, 2013). Meanwhile, the number of ants, the weight 

of pheromones and the evaporation rate in ACO are set to n, 1, and 0.01, respectively 

(Bakhtiari et al., 2013; Zhou et al., 2014). In this study, the Local Search is 

hybridised in ACO. 

Table 12. Factor settings for EHNS 

Factors 
Levels 

Range 
Low High 

Number of generations 30n 40n 20n-50n 

Population size 3n 5n 3n-5n 

Mutation-based Neighbourhood Search iteration 1.5n 2.5n n-3n 

Tabu Search iteration 0.5n n 0.5n-n 
 

4.5.2 Results 

Table 13 represents the experimental results of the EHNS algorithm in 

comparison with several algorithms found in the agricultural routing optimisation 

literature. The algorithms used in previous studies are GA, Mix-opt+Simulated 

Annealing (MS), TS, and ACO in the second, third, fourth and fifth columns of 

Table 13. The ‘Problem Code’ column refers to the datasets that are explained in 

Section 4.1. The values shown in bold in Table 13 indicate the best (and the lowest 

values) in that row, ‘-’ indicates that there is no reported solution, ‘*’ indicates that 

the result are obtained from the references, otherwise we implemented the algorithms 

as described in the corresponding reference (listed below Table 13). 

Generally, EHNS successfully achieves either the lowest or the same 

objective function compared with the other algorithms. As listed in Table 13, EHNS 

outperforms TS in six problems (20rt, 37nc, 90rt, 74nc, 74nc2, and H-shaped). 

EHNS obtains the same best solution as MS for the first four problems, while for 

Problem 37nc, EHNS introduces a new best solution. EHNS achieves better 

objective function in seven problem instances compared with ACO. Moreover, 

EHNS outperforms GA in all problems. EHNS presents new best solutions in six of 

the nine datasets. Hence, this study could find for 56% of the cases an improved 

combination of tracks saving an average of 10.68% non-working distance compared 

to other algorithms. 
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Table 13. The non-working distance comparison 

No 
Problem 

Code 

Genetic 

Algorithm 

(GA) [1, 2] 

Mix-opt + 

SA (MS)  

[1, 3] 

Tabu 

Search 

(TS) [4] 

Ant Colony 

Optimisation 

(ACO) 

Evolutionary 

Hybrid  

Neighbourhood 

Search (EHNS) 

1 8rt 95.767 *94.439 94.439 94.439 94.439 

2 12rt_a 176.451 *146.027 146.027 146.027 146.027 

3 12rt_b 166.451 *145.602 145.602 147.076 145.602 

4 20rt 250.916 *235.491 245.916 269.642 235.491 

5 37nc *1142.474 *961.470 1088.188 1228.129 958.930 

6 90rt 2791.680 - 2870.172 3987.434 2658.474 

7 74nc 5212.590 - *4416.300 5506.67 3880.679 

8 74nc2 6064.112 - 5856.542 6911.151 5197.349 

9 62Hs 562.414 - 559.914 579.914 479.914 

*The results are obtained from [1] Conesa-Muñoz et al. (2016a), [2] Hameed et al. (2011), 

[3] Conesa-Muñoz et al. (2016b), and [4] Seyyedhasani and Dvorak (2018a). 

-The results are not available in the references. 
 
 

 

In Table 13, TS is shown to reach the same objective function as EHNS in 

three problems; moreover, its solutions are better than GA and ACO in seven 

problems. ACO performs well in small-sized problems; however, its solution quality 

decreases in larger problems. GA can obtain better solutions than ACO in six 

problems; however, GA’s solutions are not as good as TS’s. 

The results of Problems 37nc, 90rt, and 74nc2 are presented in detail in 

Figures 15, 16, and 17, respectively. Figure 15 shows the optimised path chosen by 

EHNS when the bulb turn is selected for all the curved area of the field, while the flat 

turn dominates the rectangular section of the field. The bulbΘ turn requires less 

turning length than the bulb turn (Jin & Tang, 2010). In contrast, the flatΘ turn needs 

to skip one or more tracks, and its length is similar to the flat turn with the addition 

of the different alignment between two tracks. Therefore, the algorithm chooses the 

bulbΘ turn in the curved area because it tends to cover a shorter distance than the 

flatΘ.  



 

54 

 
 

 

Figure 15. EHNS’s manoeuvre results for the machine when solving Problem 37nc 

 

Figure 16 shows the path planning for three machines in a rectangular field 

of 90rt. Most of the manoeuvres are flat turns. The colour differentiates the route for 

each machine. Figure 17 shows that 74nc2 path planning is the most complicated 

problem compared with others. This is because the machine needs to start and end at 

the depot, and it considers the flatΘ and bulbΘ turn. The bulbΘ turn is predominant 

in this irregular-shaped field. 

Table 14 shows the comparative running times of GA, TS, ACO, and EHNS 

in four problem instances (20rt, 37nc, 90rt, and 74nc2). Generally, the running time 

of ACO is the fastest among the algorithms. 
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Figure 16. EHNS’s manoeuvre results for the machine when solving Problem 90rt 

 

As shown in Table 14, the running time of GA depends on the size of the 

problem: the greater the number of tracks, the longer the time needed. In contrast, the 

running times of TS, ACO, and EHNS in Problem 74nc2 are longer than in 90rt. This 

is because the neighbourhood search aspect checks every move’s objective function, 

and the objective function of Problem 74nc2 contains the flatƟ and bulbƟ 

manoeuvres, which are more complex than the manoeuvre in Problem 90rt.  

Table 14. Runtime comparison of GA, TS, ACO, and EHNS 

Algorithm 
Running Time (Seconds) 

20rt 37nc 90rt 74nc2 

Genetic Algorithm (GA) 3.551 8.273 23.064 20.463 

Tabu Search (TS) 1.768 5.102 14.616 21.188 

Ant Colony Optimisation (ACO) 1.649 4.995 13.238 16.308 

Evolutionary Hybrid  

    Neighbourhood Search (EHNS) 2.059 5.695 15.633 23.470 
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Figure 17. EHNS’s manoeuvre results for the machine when solving Problem 74nc2 

 

Figure 18 and 19 present the graphs of the convergence process of EHNS, 

GA, TS, and ACO when solving Problems 20rt (Figure 18 (a)), 37nc (Figure 18 (b)), 

90rt (Figure 19 (a)), and 74nc2 (Figure 19 (b)). The X-axis of Figure 18 and 19 

shows the number of generations of the algorithms, while the Y-axis represents the 

objective function reached.  
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Figure 18. Graphs of the convergence process of GA, TS, ACO, and EHNS solving 
Problems 20rt (a) and 37nc (b) 
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Figure 19. Graphs of the convergence process of GA, TS, ACO, and EHNS solving 
Problems 90rt (a) and 74nc2 (b) 

In the four problems presented in Figure 18 and 19, EHNS converges 

quickly to a good solution, and achieves the best objective function over all iterations 

compared to GA, TS, and ACO. TS is placed second in terms of solution quality, 

while GA’s solution is placed third. ACO’s objective function is better than GA’s in 
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Problems 20rt and 37nc. Although the solutions by ACO show a fast improvement 

over the initial generations (in Problems 20rt, 90rt, and 74nc2), its final results are 

not as good as achieved by the GA over all generations. 

Figure 20 and 21 describe the graphs of the objective function (non-working 

distance) versus the time needed to achieve the objectives of EHNS, GA, TS, and 

ACO in four problem instances (20rt, 37nc, 90rt, and 74nc2). The X-axis of Figure 

20 and 21 shows the time, while the Y-axis represents the objective function reached. 

The time is shortened to ACO’s running time, which has the shortest running time. 

For all cases, EHNS achieves the best objective function in the fastest time compared 

with other algorithms, while TS is placed second. 

As shown in Figure 20 (a) and Figure 21 (a, b), TS (the blue dashed line) is 

often trapped in local optima and produces the same solution when other algorithms 

are progressing to reach better solutions. TS does sometimes manage to achieve a 

better solution in the middle of its running (Figure 20(b)). In Figure 20 and 21, ACO 

(the yellow striped and dotted line) can produce good solutions first; however, its 

quality decreases, and it becomes trapped in the local optima. GA (the orange dotted 

line) slowly progresses to obtain better solutions from the beginning to the end of its 

generation. However, GA’s objective function still cannot defeat TS’s (Problems 

20rt, 37nc, and 74nc2) and EHNS’s object function (all problems). 

The given running time of TS shown in Figure 20 and Figure 21 acts 

similarly to that shown in Figure 18 and Figure 19. In less than 150 generations 

(Figure 18(a)) and less than 0.4 seconds (Figure 20(a)), EHNS starts to converge 

while obtaining the best solution to Problem 20rt. EHNS always reaches a better 

solution than the others in Problem 37nc, and EHNS reaches its best solution before 

reaching 1200 generations (Figure 18(b)) in less than 2.5 seconds (Figure 20(b)). 

Solving Problem 90rt, EHNS starts to converge in about 500 generations (Figure 

19(a)), and in less than 3 seconds (Figure 21(a)) while maintaining the best solutions 

compared with other algorithms. Finally, EHNS always achieves a superior solution 

and converges in about 700 generations (Figure 19(b)) with less than 6 seconds 

running time (Figure 21(b)). 
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Figure 20. Graphs of the objective function (non-working distance) versus the 
running time of GA, TS, ACO, and EHNS when solving Problems 20rt 

(a) and 37nc (b) 
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Figure 21. Graphs of the objective function (non-working distance) versus the 
running time of all algorithms when solving Problems 90rt (a) and 

74nc2 (b) 

The robustness of EHNS is shown in solving the ARP datasets. EHNS 

successfully achieves the same optimal solution (as published literature) in four 
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problems, and introduce new best solutions in the rest of the instances. In all 

problems, the proposed algorithm (EHNS) always achieves a superior solution 

compare to GA, TS, and ACO. 

4.6 Conclusion 

The agriculture literature has introduced several cases of agricultural routing 

optimisations and provided solutions using different algorithms. This study collected 

different datasets representing past studies and suggest the application of a new 

algorithm (EHNS) that outperforms the others used so far. The algorithms used in 

studies from the literature are Genetic Algorithm, Mix-opt with Simulated 

Annealing, Tabu Search, and Ant Colony Optimisation. 

The experimental results show that EHNS can obtain a better solution for 5 

of 9 problems set while achieving the same best-known optimal solutions for the rest 

of the problem sets compared with the algorithms used in the previous literature. 

EHNS also successfully save the non-working distance by 10.68% in the improved 

cases. The results also illustrate that EHNS can maintain the best objective function 

and the fastest convergence speed compare with GA, TS, and ACO. 
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Chapter 5. Extensions to the ARP 

As indicated in Section 2.5, there are several research gaps in the extension 

of ARP. First, there is limited research on ARP involving multiple fields and most 

ARP research utilises a single machine without capacity constraints. Hence, this 

study is the first to address several ARP constraints simultaneously. Second, the 

results of experiments conducted in this study show that the solutions given for 

several datasets in previous research can be improved. Therefore, an improved, more 

efficient algorithm needs to be developed to enhance the quality and management of 

the solution. 

5.1 Problem Description 

Figure 22 illustrates the problem with two fields. The blue line indicates the 

tracks while the red line is the field border. Each track is differentiated by a number 

(i.e. Field 1 has 18 tracks (west to east, 1 to 18)). The barriers in the problem are the 

field borders and the rocks, which cannot be traversed by the machine. Therefore, the 

machines can enter or exit a field, or move from one field to another only from a 

specific location or entrance. 

In Figure 22, the machines can only enter the field through the field’s 

entrance (green square). The machine’s tour starts from and ends at the depot (red 

square). This research assumes that there are several available machines with 

different capacities to harvest several fields. The optimisation will assign machines 

to the given routes based on their capacities.  
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Figure 22. Illustration of a problem with two fields 

Figure 23 depicts a machine’s trip in two fields and its manoeuvres. There 

are two adjacent fields and the field in the north can only be entered through the field 

in the south. The green lines represent the non-working distance. The numbers 

adjacent to the green lines indicate the sequence of tracks the machine uses. The non-

working distances can be differentiated by the manoeuvres (3 to 6 and 9) and the 

movements between depot and entrances, or the tracks to the entrances (1, 2, 7, 8, 10, 

11, 12 and 13).  

In Figure 23, the machine starts from the depot and traverses the south 

field’s entrance (1) before harvesting several tracks in the southern field (2–6). The 

machine then goes to the northern field’s entrance (7), harvests two tracks in the 

northern field (8 and 9) and returns to the entrance (10). Next, the machine harvests a 

track in the southern field (11) before going back to the depot via the southern field’s 

entrance (12). 
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Figure 23. Illustration of a machine’s tour and its manoeuvres in two fields 

Figure 23 also depicts the four kinds of manoeuvres considered in this 

study. The assumption in Figure 23 is that the machine needs to skip at least one 

track to make a flat turn. Hence, if a machine’s next track is directly beside the 

current track, then the bulb or bulbΘ turn will need to be made. In Figure 23, the 

manoeuvres are flat (4, 6), bulb (9), flatΘ (3) and bulbΘ (5). The flatΘ and bulbΘ 

turns are made when the current and next track are aligned at an angle θ (θ < 900), 

while the flat and bulb turns are performed when the current and the next track are 

aligned with θ = 900 and have the same Y-axis coordinate in the manoeuvre’s area. 

The conditions of these manoeuvres are listed in Equation (3) in Section 5.2, which 

is adapted from Utamima et al. (2019) and Jin and Tang (2010). 
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5.2 Mathematical Model 

The mathematical model used to solve the extended ARP is formulated as 

an integer programming model. The group of tracks in the fields are assumed to be a 

set of vertices and edges in Graph G. Table 15 describes the parameters used in the 

mathematical model. The decision variables are listed in Table 16. 

Table 15. Parameters of the mathematical model 

Notation Description 

G Graph G = {V, E} representing the tracks in the fields 

V Set of vertices in Graph G 

S A subgraph of Graph G, ∀𝑆 ⊆ 𝑉 

E Set of edges of Graph G 

i,j Vertex index (i, j = (0), 1, …, n), where 0 is the depot 

F Set of fields (f=1, …, F) 

a,b Fields index (a, b = 1, …, F) 

T Set of tracks (t=1, …, T) in the fields 

𝛿𝑓𝑡 The distance of track t to the entrance of field f 

dab The distance between two fields (from entrance field a to entrance field b) 

Df The distance from field f to depot 

ℎ𝑎𝑏 A binary variable, equal to 1 if there is a direct entrance from the field a to field b 

(𝑎, 𝑏 ∈  𝐹), otherwise 0 

lft the length of track t in field f 

K The set of machines available at the depot, each referenced as k, k∈K 

r Minimum turning radius of a machine 

𝑤 Effective operating width of a machine 

 The driving direction of the machine, a binary variable equal to 0 and 1 

gij A manoeuvre’s degree between track i and j and driving direction  

𝜃 𝑖𝑗 The degree of tilt between the previous and next track, note that 0 < θ ≤ 90 

𝛺 𝑔   The bulb type of manoeuvre turn executed by a machine in the headland area and 
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Notation Description 

driving direction  

𝛱 𝑔   The flat type of manoeuvre turn executed by a machine in the headland field area and 

driving direction  

𝛺𝜃 𝑔   The bulb type of manoeuvre turns with a 𝜃 ij degree. executed by a machine in the 

headland field area if the previous track and the next track are aligned with an angle 

𝜃 ij and driving direction  

𝛱𝜃 𝑔   The flat type of manoeuvre turns with a 𝜃 ij degree, executed by a machine in 

headland field area if the previous track and the next track are aligned with an angle 

𝜃 ij and driving direction  

Qk The capacity of a machine 𝑘 ∈ 𝐾  

Pft The volume of crops harvested in track t of field f 

 

Table 16. Decision variables 

Decision 

Variable 

Description 

𝑥𝑓𝑖𝑗
𝑘  Equal to 1 if machine 𝑘 moves from vertex i to vertex j in field 𝑓, otherwise 

0 (𝑖, 𝑗 ∈ 𝐸) 

𝑦
𝑎𝑏

 Equal to 1 if there is a tour from the field a to field b, otherwise 0 (𝑎, 𝑏 ∈ 𝐹) 

(after harvesting field 𝑎 the tour continues to 𝑏) 

𝑧𝑓𝑡 Equal to 1 if there is a tour from the entrance of field f to track t, otherwise 0 

𝑠𝑓
𝑘 Equal to 1 if machine k’s first visited track is on field f, otherwise 0 

𝜏𝑓
𝑘 Equal to 1 if machine k’s last visited track is on field f, otherwise 0 

 

The objective function, given in Equation (1), is the distance aiming for a 

minimisation of the sum of all included edges in the solution, the distance travelled 

by each machine to and from the depot, the distance of the tour between fields, and 

the distance between the entrance to the first and last track to be harvested. The total 

distance travelled for harvesting the crop fields is found with Equation (2), which is 

the sum of the distance between the fields, the length of each track in each field, and 

the objective function. 
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The constraints of this objective function are determined by Equations (3) to 

(16). Equations (3) to (7) are used to compute the distance the machine travels to 

make a turning manoeuvre. Equations (8) and (9) specify that each route should start 

and end at the depot (Vertex 0). Equations (10) and (11) ensure that each node is 

visited only once. Equation (12) provides that when a machine enters a vertex, it will 

also leave that vertex. Equation (13) is a sub-tour limitation that eliminates any 

disjoint sub-tours from a solution. Equation (14) ensures that the amount of harvested 

crop does not exceed the capacity of a machine. Finally, Equations (15) and (16) 

ensure that each field is visited only once. 

Where: 

𝑧 = Min 𝑔 𝑥

∈∈∈

 + 𝐷 (𝑠 + 𝜏 )

∈∈

+ 𝑑 𝑦 ℎ

∈∈

+ 𝑧 𝛿

∈

 

(1) 

𝑑𝑖𝑠𝑡 = ∑ ∑ 𝑙 + 𝑧        (2) 

Subject to: 

𝑔 =  

⎩
⎪
⎨

⎪
⎧ Π 𝑖, 𝑗, 𝜃  , 𝑖𝑓|𝑖 − 𝑗| ≤  ⋀ 𝜃  = 90°

Ω 𝑖, 𝑗, 𝜃  , 𝑖𝑓|𝑖 − 𝑗| >  ⋀ 𝜃  = 90°

Π𝜃 𝑖, 𝑗, 𝜃  , 𝑖𝑓|𝑖 − 𝑗| ≤  ⋀ 𝜃  < 90°

Ω𝜃 𝑖, 𝑗, 𝜃  , 𝑖𝑓|𝑖 − 𝑗| >  ⋀ 𝜃  < 90°

     (3) 

Ω i, j, 𝜃 𝑖𝑗 = r 3𝜋 − 4 sin
| |.

     (4) 

Π 𝑖, 𝑗, 𝜃 𝑖𝑗 = |𝑖 − 𝑗|𝑤 + (𝜋 − 2)r       (5) 

Π𝜃 𝑖, 𝑗, 𝜃 𝑖𝑗 = |𝑖 − 𝑗|𝑤(1 + cot 𝜃) + 𝑟(𝜋 − 2)     (6) 

Ω𝜃 𝑖, 𝑗, 𝜃 𝑖𝑗 = 𝜋𝑟 +
4𝑟 − |𝑖 − 𝑗|𝑤 4𝑟 + 𝑤 cot 𝜃 𝑖𝑗 + 𝑤

4𝑟 − 2𝑤
 

                           ×  sin
| | ( 𝜃 𝑖𝑗 𝜃 𝑖𝑗)

| | ( 𝜃 𝑖𝑗 )
    (7) 

∑ 𝑥 ,∈ = 1  ∀𝑓 ∈ F       (8) 
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∑ 𝑥 ,∈ = 1 ∀𝑓 ∈ F        (9) 

∑ ∑ 𝑥∈∈ = 1 𝑖, 𝑗 ≠ 0, ∀𝑗 ∈ 𝑉: 𝑖 ≠ 𝑗, ∀𝑓 ∈ F     (10) 

∑ ∑ 𝑥∈∈ = 1 𝑖, 𝑗 ≠ 0, ∀𝑖 ∈ 𝑉: 𝑖 ≠ 𝑗 , ∀𝑓 ∈ F     (11) 

∑ ∑ 𝑥∈∈ = ∑ ∑ 𝑥∈∈  ∀𝑓 ∈ F     (12) 

∑ ∑ 𝑥∈ ≤ ‖𝑆‖ − 1, ∀𝑆 ⊆ 𝑉, ‖𝑆‖ ≥ 1 ∀𝑘 ∈ 𝐾 , ∀𝑓 ∈ F   (13) 

∑ ∑ ∑ 𝑃 𝑥∈∈ < 𝑄    ∀𝑘 ∈ 𝐾, ∀𝑡 ∈ T    (14) 

∑ 𝑦∈ = 1 ∀𝑏 ∈ 𝐹: 𝑎 ≠ 𝑏        (15) 

∑ 𝑦∈ = 1 ∀𝑎 ∈ 𝐹: 𝑎 ≠ 𝑏        (16) 

5.3 Proposed Algorithm Description 

Figure 24 lists the Evolutionary Surrounding Search (ESS) pseudocode. 

ESS has two main stages: the exploration stage, which searches for the solution 

among the individuals in a population; and the exploitation stage, which searches for 

the best solution found so far. The individuals are the candidate solution to the 

problem, while the population refers to the group of individuals in the algorithm. 

ESS is a hybrid of three kinds of heuristics, namely, distribution search, surrounding 

search and local search. 

First, the ESS parameters are initialised (see Figure 24). The parameter 

settings are explained in more detail in Section 4.2. The details of the machines 

(number, capacity and turning radius) are also initialised at this point. The algorithm 

reads the field data, which contains the track coordinates, the distance between each 

entrance and the depot, and the length of each track. Next, the individuals are 

generated and the objective function values are calculated. Then, the main iterations 

start with the exploration stage of ESS. The exploration stage will perform the 

distribution search according to its rate, otherwise the surrounding search will be 

executed. 

The distribution search (Figure 24, Lines 5–7) will build the new population 

according to the probability of the order of tracks for the selected individuals. The 

selected individuals are the group of individuals with a better objective function, 
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which are labelled h1, h2, h3, …, hn (hH) (Chen et al., 2014). Equation (17) 

calculates the sum of every track being placed in an order. In Equation (17), Γ [ ] is 

set to 1 if track t is visited at order p, otherwise, it is set to 0 (𝑡𝜖𝑇, 𝑝𝜖Ρ). The size of T 

and P is equal to the number of tracks in the fields. The distribution search function 

will update each individual in the population by selecting the order of track 

proportionally according to . 

Where: 

ℜ = ∑ ∑ ∑ Γ       (17) 

𝑓𝑛 =          (18) 

The surrounding search procedure is listed in Figure 24, Lines 9–19. The 

procedure is adapted from Hansen et al. (2010) and Utamima et al. (2019). The 

procedure runs for some iterations. At the beginning of every iteration, the roulette 

wheel selection is performed, and an individual is selected (S). The roulette wheel 

selection expects that the better fitted an individual, the higher the chance of its 

survival. The fitness function that is used in the roulette wheel selection is listed in 

Equation 18, which is one per the objective function (Equation 1). The chance of 

selection in this approach is proportional to the fitness of an individual. 

After selection, the algorithm chooses two points randomly from S and 

performs flip, guided swap, or inversion operators. The details of the operators are 

listed in Table 17. Next, the new population is updated from the results of 

surrounding search. 
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Figure 24. The pseudocode of ESS 

The objective function calculation evaluates the fitness of the new 

population and finds the current best solution (cBest) in the population. This solution 

is checked to determine whether it can replace the global best solution (the best 

solution found so far among generations). If cBest is not better than the global best 

solution (globalBest), then the second stage of ESS is implemented. In this stage, the 

surrounding search searches inside globalBest to find a better solution. The 

procedure is adapted from the Local Search procedure in Song et al. (2019). In this 

stage, the interchange and reverse operators are employed until no further 

improvement can be made. The operators are described in Table 17. 
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If the solution of the surrounding search (ndSol) is better than globalBest, 

then ndSol will become the globalBest. Next, the Elitism procedure is run to retain 

10% of the best individuals through each generation to protect prospective solutions 

(Nouri & Ladhari, 2018). The recorded individuals are copied to the new population 

and are sent to the next generation. 

Table 17. Description of operators used in ESS 

No. Operators Description 

1 Flip Flips the order of tracks between two points 

2 Guided Swap Choose a track, then find its position in the global best 

solution. Place the selected track with the same global best 

position by swapping with the other track in that position 

3 Inversion Choose two points, then move the first point to the second 

point and slide forward the remaining points (starting from the 

first point + 1 until the second point) 

4 Interchange Interchange two elements randomly 

5 Reverse Choose two points, then reverse the tracks between the two 

points 

5.4 Experimental Results and Analysis 

5.4.1 Problem Sets Description 

The experiments conducted in this study are comprised of two steps. The 

first step involves the validation of the proposed algorithm by using the data in the 

literature. The datasets are gathered from publications of studies and by contacting 

the corresponding authors. Table 18 shows a description of the data. In Table 18, the 

first column lists the instance code and the second column details the total number of 

tracks in that instance; the track widths and lengths (metres), turning radius (metres), 

shape and machine used are listed in columns 3 to 6; and the final column contains 

the references to the problem instances. 
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Table 18. Description of previous datasets 

Problem 

Code 

Total 

Tracks 

Track 

Width & 

Length 

(metres) 

Turning 

Radius 

(metres) 

Shape Machine Reference 

8rt 8 2.89 & 30 3.50 

Rectangular 

1 (single) 

Bochtis & 

Vougioukas 

(2008) 

12rta 12 2.5 & 40 3.50 Conesa-

Muñoz et al. 

(2016a) 

12rtb 12 2.5 & 70 3.50 

20rt 20 2.5 & 80 3.50 

37nc 37 9 & vary 6.00 Non-convex Conesa-

Muñoz et al. 

(2016a); 

Hameed, 

Bochtis, & 

Sørensen 

(2011) 

74nc 74 

 

19 & vary 9.77 

 

Non-convex 3 (multiple and 

homogeneous) 

Seyyedhasani 

& Dvorak 

(2018a) 

 

In the second step, experiments are run using the extended ARP datasets. 

Table 19 gives the attributes of the datasets used in this study. There are seven 

datasets with multiple fields and different shapes. The problems are generated and 

vary in terms of the total number of tracks, width (metres) and turning radius 

(metres). The number of fields ranges from two to five, with total tracks ranging 

from 30 to 112. The machines used have different capacities (ranging from 700 to 

3,000 metres), as detailed in Table 20. As indicated earlier, this study assumes a 

uniform measure of harvest per travelled distance. Hence, the machine capacity is 

depicted with the maximum distance it can travel on one trip. 
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Table 19. Description of the extended ARP problem set 

No. 
Problem 

Code 

Number of 

Fields 

Total 

Tracks 

Track 

Width 

(metres) 

Turning 

Radius 

(metres) 

Shape 

1 2A 2  30 8 7.5 Non-convex 

2 2B 2 36 8 7.5 Non-convex 

3 3A 3 56 7 5.5 Non-convex and 

Rectangular 

4 3B 3 62 6 4.8 Non-convex 

5 4A 4 78 6 4.8 Non-convex and 

Rectangular 

6 4B 4 100 5 3.9 Non-convex and 

Rectangular 

7 5A 5 112 5 3.9 Non-convex 

 

 
Table 20. Machines provided 

Machines Maximum distance when 

harvesting 

Availability 

1 3,000 1 

2 2,500 3 

3 2,200 3 

4 700 1 

 

 

Figure 25 illustrates the fiveproblem instances. The number in the middle of 

each field is the field number, and the small number near the track is the track 

number. These numbers are used to give a better understanding of the output of the 

program, shown later in Table 25. 
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Figure 25. Illustration of extended ARP problem set 

 

5.4.2 Parameter Settings 

The parameter set-up is acquired by directing a two-level factorial plan with 

four elements. Each factor joins high and low dimensions (Montgomery, 2013). The 

algorithm is run ten times to make up for the non-deterministic nature of the 

heuristics (Guan & Lin, 2016). Table 21 lists the factors and the levels of each set-

up. To adjust to the extent of the problem, the settings use n, which is the number of 

tracks in the fields. A larger problem requires a larger population and more 

generations. The value shown in bold indicates a better setting for ESS. 

This study also builds on GA and TS to solve the extended ARP problem 

set. GA and TS are chosen because both algorithms have been used recently in 
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optimisation works in the agriculture domain (Florentino et al., 2018; Seyyedhasani 

& Dvorak, 2018). The selected settings for the number of generations and the size of 

the population are also applied to GA and TS. 

Table 21. Factor settings for ESS 

Factors 
Levels 

Range 
Low High 

Generations 40n 50n 30n-50n 

Population size 4n 5n 3n-5n 

Surrounding search iteration 2n 2.5n 2n-2.5n 

Distribution search rate 4n 5n 4n-5n 

 
 

5.4.3 Numerical Results 

Table 22 shows the details of the non-working distance of six published 

datasets. In Table 22, the first and second columns show the problem code and the 

associated references. The third column is the best-known solution to date obtained 

from the latest publication (Conesa-Muñoz et al., 2016a; Seyyedhasani & Dvorak, 

2018), while the last column shows the results obtained by ESS. The bold values in 

the third and fourth columns refer to the minimum value in that row. As shown by 

the results, ESS can obtain the same solution for four instances (8rt, 12rta, 12rtb, 

20rt) and achieves better solutions in two instances (37nc, 74nc). These results 

indicate that ESS can achieve the expected results for ARP instances. 
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Table 22. Test with published data (single field) 

Problem Best-Known Solution 
Proposed Algorithm: 

ESS 
References 

8rt 94.439 94.439 Bochtis & Vougioukas 

(2008); Conesa-Muñoz 

et al. (2016a) 

12rta 146.027 146.027 Bochtis & Vougioukas 

(2008); Conesa-Muñoz 

et al. (2016a) 

12rtb 145.602 145.602 Bochtis & Vougioukas 

(2008); Conesa-Muñoz 

et al. (2016a) 

20rt 235.491 235.491 Bochtis & Vougioukas 

(2008); Conesa-Muñoz 

et al. (2016a) 

37nc 961.470 958.930 
Conesa-Muñoz et al. 

(2016a); Hameed et al. 

(2011) 

74nc 4416.300 3869.590 
Seyyedhasani & Dvorak 

(2018a) 

 

Table 23 presents the results of the experiments conducted to calculate the 

non-working distance of multiple field data with multiple machines of the extended 

ARP data. In Table 23, the first column lists the problem number and the second the 

problem code, the third column specifies the number of tours required to complete all 

tracks in the fields, and the fourth, fifth and sixth columns list the solutions obtained 

by ESS, GA and TS, respectively. The values in bold refer to the minimum value in 

that row. The last column is the average distance savings obtained by ESS compared 

to those of GA and TS for every problem, while the last row in bold is the average of 

the distance savings for all problems. ESS successfully achieves the shortest non-

working distance for all problem sets compared to the performances of GA and TS. 

The GA solutions are better than TS in four instances (Problems 2, 4, 6 and 7), while 

the TS solutions for the remaining three cases (Problems 1, 3 and 4) are better than 

those obtained by GA. In terms of average distance savings, ESS successfully saves 

11.72% of the non-working distance compared to other algorithms. 
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Table 23. Test with extended ARP problem set (multiple fields) 

No. Problem 

Code 

Number of 

Tours 
GA TS 

Proposed Algorithm: 

ESS 

Distance 

Savings 

1 2A 2 1051.118 1029.329 955.869 8.10% 

2 2B 2 1101.292 1279.074 1044.038 11.79% 

3 3A 3 1121.185 1013.578 967.872 9.09% 

4 3B 3 2018.031 2333.044 1909.22 11.78% 

5 4A 4 1776.730 1645.868 1504.245 11.97% 

6 4B 6 2923.140 3063.433 2605.433 12.91% 

7 5A 6 4145.357 4782.591 3711.986 16.42% 

 
    

Average: 11.72% 

 

 

Table 24 shows the running time of all the algorithms for each problem set. 

The running time of ESS is the fastest compared to those of GA and TS. On the other 

hand, the runtimes of TS are faster than GA in five instances, while those for 

problems 2 and 4 are slower than GA.  

Table 25 lists the details of the ESS solution for each problem set. In Table 

25, the first column lists the problem number and the second the problem code, the 

third column shows the tours and the maximum in-track distance of the machine, and 

the last column is the order of tracks in the fields and lists the field number and the 

order of the tracks that correspond to Figure 26. For example, Problem 1 needs two 

machines (with maximum distance inside the tracks of 3,000m and 2,500m, 

respectively) to harvest the fields. The first machine goes to Field 1 and harvests 14 

tracks in the order 10, 8, 6, 4, 2, 1, 3, 5, 7, 9, 13, 14, 12 and 11 and then goes to Field 

2 and harvests four tracks in the order 29, 27, 28 and 30. The second machine then 

goes to Field 2 and harvests 12 tracks in the order 24, 26, 25, 23, 22, 20, 21, 19, 18, 

16, 17 and 15. Note that every machine must start from the depot and return to the 

depot. 
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Table 24. The running times of ESS, GA and TS for all problem sets 

No. 
Problem 

Code 

Number of 

Tours 

Average Running Time (seconds) 

GA TS ESS 

1 2A 2 1.388 1.359 0.807 

2 2B 2 6.842 9.171 4.565 

3 3A 3 4.142 2.948 2.179 

4 3B 3 12.264 16.986 7.974 

5 4A 4 9.527 7.459 5.283 

6 4B 6 25.608 23.814 11.942 

7 5A 6 26.438 25.629 13.663 

 

Table 25. The details of every tour in each problem set obtained by ESS 

Problem  

Tours 

(Max in-

track 

distance) 

Order of Tracks in Fields 

(Field Number [tracks' order]) 

2A 1 (3000) 
Field 1 [10, 8, 6, 4, 2, 1, 3, 5, 7, 9, 13, 14, 12, 11]; Field 2 [29, 27, 28, 

30] 

  2 (2500) Field 2 [24, 26, 25, 23, 22, 20, 21, 19, 18, 16, 17, 15] 

2B 1 (3000) 
Field 1 [2, 1, 3, 6, 10, 11, 8]; Field 2 [33, 35, 36, 34, 32, 30, 28, 26, 

24, 22, 21, 19, 20, 23, 25, 27, 29, 31]; Field 1 [4] 

  2 (2500) Field 1 [5, 7, 9, 12, 13, 14, 15, 16, 17, 18] 

3A 1 (3000) 
Field 1 [13, 15, 17, 18, 16, 14, 12, 11, 8, 7, 4, 3, 1, 2, 5, 6, 9, 10];  

Field 2 [40, 39, 36, 35, 37, 38] 

  
2 (2500) 

Field 2 [29, 31, 33, 34, 32, 30, 28, 27, 25, 23, 20, 19, 21, 22, 24, 26]; 

Field 3 [54, 56, 55, 53, 50, 52] 

  3 (2500) Field 3 [51, 49, 47, 45, 48, 46, 44, 42, 41, 43] 

3B 1 (3000) Field 1 [13, 11, 9, 7, 5, 3, 1, 2, 4, 6, 8, 10, 12, 14, 16, 15] 

  

2 (2500) 

Field 1 [17, 18, 20,19]; Field 2 [25]; Field 3 [52, 50, 51, 48, 49, 47, 

45, 43, 44, 46, 42, 41, 39, 40];  

Field 2 [23, 22, 21] 

  
3 (2500) 

Field 2 [24]; Field 3 [57, 54, 53, 55, 56, 58, 60, 62, 61, 59];  

Field 2 [26, 28, 27, 29, 30, 32, 31, 36, 35, 37, 38, 34, 33] 
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Problem  

Tours 

(Max in-

track 

distance) 

Order of Tracks in Fields 

(Field Number [tracks' order]) 

4A 1 (3000) 

Field 1 [5, 3, 1, 2, 4, 6, 8, 10, 12, 14, 16, 18, 21, 19, 22, 20, 17, 15, 

13, 11, 9, 7]; 

Field 2 [33, 34, 36, 38, 40, 39, 37, 35] 

  
2 (2500) 

Field 2 [32, 31, 29, 30, 28, 27, 24, 23, 25, 26]; Field 3 [61, 62, 59, 60, 

58, 57, 55, 56, 54, 53] 

  
3 (2500) 

Field 3 [51, 52, 50, 49, 47, 48, 46, 45, 43, 44, 42, 41];  

Field 4 [74, 72, 69, 66, 64, 67, 70, 77, 78, 76] 

  4 (700) Field 4 [75, 73, 71, 68, 65, 63] 

4B 
1 (3000) 

Field 1 [1, 5, 7, 12, 15, 19, 22, 25, 27, 29, 30, 28, 26, 24, 21, 17, 13, 

11, 9, 3] 

  
2 (2500) 

Field 1 [2, 4, 6, 8, 10, 14, 16, 18, 20, 23]; Field 2[37, 40, 42, 41, 38]; 

Field 3 [70, 72]; Field 2[32] 

  
3 (2500) 

Field 2 [31, 33, 35]; Field 3[74, 76, 75, 73, 71, 68, 66, 64, 61, 59, 57, 

55, 56, 58, 60, 62, 63, 65, 67, 69]; Field 2 [34] 

  
4 (2200) 

Field 2 [36, 44, 46, 48, 50, 52, 54, 53, 51, 49, 47, 45, 43, 39]; Field 

4[98, 100, 99, 97, 94, 96] 

  5 (2200) Field 4 [92, 90, 87, 85, 83, 81, 79, 77, 78, 80, 82, 84, 88, 95] 

  6 (700) Field 4 [93, 91, 89, 86] 

5A 1 (3000) 
Field 1 [28, 21, 19, 17, 15, 13, 11, 9, 7, 5, 3, 1, 2, 4, 6, 8, 10, 12, 14, 

16, 18, 30] 

  
2 (2500) 

Field 1 [31, 34, 32, 33, 29, 27, 25, 23, 20, 22, 24, 26]; Field 2 [47, 45, 

43, 44, 46, 48] 

  3 (2500) Field 2[49, 51, 53, 54, 52, 50, 42, 41, 39, 37, 35, 36, 38, 40]; 

  
4 (2200) 

Field 3[59]; Field 4 [92, 94, 93, 96, 95, 90, 89, 87, 85, 82, 80, 78, 77, 

79, 81, 83, 84, 86, 88, 91]; Field 3[58] 

  5 (2200) Field 3[62, 64, 66, 68, 70, 72, 74, 76, 75, 73, 71, 69, 67, 65, 60, 57] 

  
6 (2200) 

Field 3[55, 56, 61, 63]; Field 5 [112, 110, 108, 106, 104, 102, 100, 

98, 97, 99, 101, 103, 105, 107, 109, 111] 

 
 

Figure 26 illustrates the manoeuvres of the machines in Problem 7. The field 

number is in the centre of each field, and the track numbers are indicated by the 
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small number in the corner of each field. Different coloured lines represent each of 

the six tours of the machines. In this problem, the turning radius (r) is 3.9 metres, and 

the track width (w) is 5 metres. Thus, according to Equation (3) in Section 3.4, the 

machine can perform a flat turn by skipping at least one track to go to the next track. 

As shown in Figure 26, the predominant type of manoeuvre is the flat turn. 

 

Figure 26. Illustration of the tours and the manoeuvres in five fields (Problem 7) 

 

5.4.4 Validation of the Mathematical Model 

To validate the mathematical model, it was implemented using the General 

Algebraic Modeling System (GAMS) software. Two small problems are tested, each 

consisting of multiple fields and multiple machines with different capacities. Each 

problem involves two fields with tracks measuring 4 metres in width, with two 

machines available with a turning radius of 3 metres. 
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Table 26 shows a comparison of the results of GAMS and ESS (coded with 

MATLAB). Both GAMS and ESS obtain the same solution for the two problems as 

well as the same tours of Machine 1 and Machine 2. 

Table 26. Comparison of GAMS and ESS  

Problem  

GAMS ESS 

Solution 

(m)  

Time 

(s) 
Tour 

Solution 

(m) 

Time 

(s) 
Tour 

A 179.713 0.365 
1: Field 1 [3, 1, 4, 2] 

179.713 0.052 
1: Field 1 [3, 1, 4, 2] 

2: Field 2 [6, 5] 2: Field 2 [6, 5] 

B 225.413 0.449 

1: Field 1 [5, 3, 1, 2, 

4, 6] 225.413 0.105 

1: Field 1 [5, 3, 1, 2, 

4, 6] 

2: Field 2 [9, 7, 10, 8] 2: Field 2 [9, 7, 10, 8] 

 

The experiments show that the running time of ESS, on average, is five 

times faster than that of GAMS. If the size of the problem is increased, the running 

time is expected to grow exponentially for the GAMS implementation. Therefore, the 

utilisation of ESS is required for both small and large problems because it can 

achieve a good solution with a faster running time. 

5.5 Conclusion 

The scope of this chapter comprises ARP for a harvesting problem with the 

tracks inside several fields on a flat surface. This chapter presents the extended ARP 

by considering multiple constraints simultaneously to generalise the harvesting 

problem effectively. Furthermore, it recommends the application of a new hybrid 

algorithm (ESS) that outperforms GA and TS. The experimental results demonstrate 

that during the validation process with the previous ARP dataset, ESS achieves the 

same optimal solution in four instances, and produces a better solution for the other 

two cases. ESS also achieves the fastest running time for all the given problems. 
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Chapter 6. Evolutionary Algorithms for ARP 

Several variations of evolutionary algorithms have been published or built by the 

author during the PhD study. The main five evolutionary algorithms developed are: 

1. Evolutionary Hybrid Neighbourhood Search (EHNS); published in 

Biosystems Engineering (Utamima et al., 2019c). 

2. Evolutionary Estimation of Distribution Algorithm (EEDA); accepted for the 

Information Systems International Conference 2019 and published in 

Procedia Computer Science (Utamima et al., 2019b). 

3. Lovebird Algorithm; accepted and published for the Australasian Conference 

in Information Systems 2019 (Utamima et al., 2019a). 

4. Evolutionary Lovebird Algorithm (EvoLovebird); accepted for the 12th 

International Conference on Computer and Automation Engineering 2020 and 

indexed in ACM Digital Library (Utamima et al., 2020). 

5. Evolutionary Surrounding Search (ESS); accepted for second round of review 

in Annals of Operations Research. 

This chapter overviews the evolutionary algorithms and tests EHNS, 

EvoLovebird and ESS on ARP problem sets. 

6.1 Input and Solution Representation of All 
Evolutionary Algorithms 

The inputs for the evolutionary algorithms are the field details and machine 

information, specifically: 

 number of tracks 

 number of fields (if multiple fields) 

 track width 

 track length 
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 track coordinates 

 depot coordinates (if available) 

 turning radius of the machine 

 number of machines (if using multiple machines) 

 capacity of the machine (if considered in the problem). 

Each candidate solution is represented as permutation numbers, as 

illustrated in Figure 27. Each track is labelled by a number, and the sequence 

indicates the order in which a machine will visit the tracks. For instance, in Figure 

27, the machine will go to track 4 right after it visits track 1. 

 

Figure 27. Representation of a candidate solution 

6.2 Evolutionary Hybrid Neighbourhood Search 

This section overviews the general stages of the Evolutionary Hybrid 

Neighbourhood Search (EHNS), as illustrated in Figure 28. A detailed explanation of 

EHNS is given in Section 4.4. 

In the first process, the parameters and variables of EHNS are initialised. 

The parameters are the number of maximum generations, population size, 

neighbourhood search iteration and TS iteration. The variables are determined from 

reading the input of the problem set. Candidate solutions are generated and objective 

function values are calculated. The main loop is repeated until the maxGen iteration 

is reached (maximum number of generations). In the main iteration, EHNS will 

execute mutation-based neighbourhood search, replacement of candidate solution, 

TS, best solution updating and evolutionary strategy. TS will only be performed if 

cBest is not better than prevBest (the previous global best solution). The evolutionary 

strategy uses Elitism (to preserve the best solutions through generations) and 

Scramble (to mix several candidate solutions). 
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Figure 28. General flowchart of the stages of EHNS 
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6.3 Evolutionary Estimation of Distribution Algorithm 

The Estimation of Distribution Algorithm (EDA) is a stochastic 

optimisation method that reproduces new candidate solutions from the evaluation of 

the probabilistic distribution of the population to achieve a more efficient search. 

EDA builds and samples the probabilistic models from the group of promising 

candidate solutions. It explores the space of potential solutions by exploiting the 

inter-variable dependency and sampling of promising candidate solutions. EDA 

constructs a probabilistic model to get the parental distribution and samples new 

solutions. The sampling from probabilistic models avoids the disruption of partial 

dominant solutions (Hauschild & Pelikan, 2011). 

Most metaheuristic algorithms generate random candidate solutions to 

process into their new generation. In contrast, EDA uses the probabilistic models to 

create a group of new candidate solutions. This approach enhances the solution 

quality of EDA because the produced offspring are statistically built and sampled 

based on a probability model from a group of parents’ best fitness. EDA, as a tool for 

evolutionary computation, then becomes a promising algorithm that can 

competitively solve the optimisation problem (Gao & de Silva, 2016, 2018). 

Using EDA it is possible to construct a model of the promising areas of the 

search space and to use this model to direct the search for the optimum solution. 

Modelling is accomplished by constructing a probabilistic graphic model that depicts 

a simplified representation of the features shared by the selected solutions. 

The Evolutionary Estimation of Distribution Algorithm (EEDA) proposed 

in this study is an extended version of EDA that hybridises the EDA with 

Permutation Neighborhood Search and Elitism as an evolutionary strategy. Each 

individual in the EEDA population is represented as a permutation of track numbers 

in the field. The sequence of track numbers indicates the order in which a machine 

traverses them. The general stages of EEDA are illustrated in Figure 29. 
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Figure 29. General flowchart of the stages of Evolutionary EDA 
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The initial population of EEDA contains randomly generated individuals. 

The algorithm loops for several iterations and starts with truncation selection, where 

the top 50% of the population are chosen (Chen et al., 2014) . The chosen individuals 

are identified as h1, h2, h3, …, hn (hH) with n being half the size of the population. 

Next, the probabilistic model is applied, reflecting the importance of each track in the 

sequence. 

The final stage of EEDA is the sampling procedure, which builds the new 

population. The pseudocode of the sampling method is shown in Figure 30. The 

procedure assigns a track to be placed in the first position (Figure 30, Line 3). This 

assignment is chosen randomly from the first track of the category of chosen 

individuals. The process is repeated until the last track has been allocated. The 

roulette wheel selection is adapted (Figure 30, Lines 4–7) to place the remaining 

tracks in the order. 

 

Figure 30. The sampling procedure of EDA 

The objective function of each individual is then calculated. The EEDA 

algorithm then reviews cBest to see if it is better than globalBest. If no improvement 

is made, EEDA will perform the Permutation Neighborhood Search. Otherwise, it 

goes directly to the Elitism strategy. Permutation Neighborhood Search is a subset of 

neighbourhood search and mutation operators, which focuses on combination 

optimisation (Guan & Lin, 2016). The algorithm uses the swap, flip, slide and 

insertion operators used in permutation encoding. Elitism records the best individuals 

over generations to secure prospective individuals. 
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6.4 Lovebird Algorithm 

The Lovebird Algorithm (Lovebird) adapts combinatorial operators to the 

generation of offspring (new candidate solution). Figure 31 illustrates the stages of 

the algorithm. The initialisation process of Lovebird defines the parameters 

(maximum iterations and population size) and the variables. Candidate solutions 

(birds) are generated and objective function values are calculated. The stop criterion 

is the max_iter, which is the maximum number of iterations in the algorithm. The 

maximum value is set to 50n (where n = number of fields). 

 

Figure 31. General flowchart of the stages of the Lovebird Algorithm 
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The key iterations begin with the production of offspring. Lovebird’s 

offspring then carry out one of the following five options of combinatorics operators 

(illustrated in Figure 32): 

 Red: Swap the sections 

 Peach: Flip the sequence 

 Green: Interchange two tracks 

 Yellow: Move and push 

 Grey: Mix the tracks. 

 

 

Figure 32. Depiction of combinatorics operators in the Lovebird Algorithm 

The offspring is the latest candidate solution after the mutation operator has 

been implemented, while the parent is the previous candidate solution. The swap 

section swaps the red section of the two parents. Offspring 1 holds the red segment 

of parent 2 and copies the rest of the tracks of parent 1, while offspring 2 does the 
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opposite. The flip operator changes the location of the track in the peach colour 

segment, while the interchange operator changes the location of the green portion. 

The move and push operator moves the position of the yellow front point to the 

yellow back point and pushes the remaining tracks forward. The mix operator 

combines the track sequences in a candidate solution. 

Combinatorics operators are used as an experimental step in a metaheuristic 

algorithm (Soni & Kumar, 2014). The next step includes reviewing the latest 

candidate solutions and their objective values. The best solution among the iterations 

will be modified if a better solution is found in the current iteration. A Local Search 

explores the neighbourhood of the best solution found so far to consider whether 

further progress is possible. If max_iter is reached, then the algorithm will stop; 

otherwise, it will continue with the main iteration again. 

6.5 Evolutionary Lovebird Algorithm (EvoLovebird) 

The Evolutionary Lovebird Algorithm (EvoLovebird) is the enhanced version 

of the Lovebird Algorithm, as suggested in Utamima et al. (2019c). The 

improvements are a better choice of operator and an expansion of the Local Search 

technique. The goal of these changes is to improve the quality of the solutions and to 

achieve a faster running time. 

Figure 33 represents the stages of EvoLovebird. The candidate solution in 

EvoLovebird is called a bird. The main iteration repeats for max_iter times and 

begins with the production of offspring (new birds). EvoLovebird adapts 

combinatoric mutation operators to produce the offspring (illustrated in Figure 34): 

 Red: Swap tracks 

 Peach: Flip the sequence 

 Green: Interchange 

 Yellow: Move and push 

 Grey: Mix tracks. 
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Figure 33. General flowchart of the stages of the Evolutionary Lovebird 
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Figure 34. Depiction of combinatorics operators in EvoLovebird 

The combinatorics operator is an evolutionary strategy implemented to 

chosen birds to build a better solution. The variation of operators is adapted from 

Soni and Kumar (2014) and Conesa-Muñoz et al. (2016b). The difference in the 

preference of operator between the Lovebird and EvoLovebird algorithms is the Red 

operator. The previous Red operator used a swap operator to exchange multiple 

tracks between two birds. Nonetheless, our study shows that the swap operator (from 

two birds) requires more running time than the swap elements within one bird. This 

enhanced Red operator, therefore, replaces the former Red operator. 

Figure 34 displays the combinatorics operators utilised in EvoLovebird. The 

offspring is the new bird after the operator has been applied to the parent. The swap 

operator switches two red sections of the parent. The flip operator flips over the track 

position in the peach colour segment, while the interchange operator changes the 

place of the green part. The move and push operator moves the position of the yellow 

front to the yellow back and pushes the remaining tracks forward. The mix operator 

mixes track sequences in a bird. 
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The next step is to update the new birds and their objective values. If a 

better solution is found in the current iteration, the best solution among the iterations 

will be updated. Next, a Local Search checks the neighbourhood of the best solution 

found so far to discover the possible improvement of the solution. Local Search in 

EvoLovebird is also enhanced by the implementation of the mutation operators to the 

best bird found so far. Three types of mutation operators (swap, slide and flip) are 

applied to the best bird to find the best solution. The next step after a Local Search is 

to perform Elitism, adapted from (Utamima et al., 2019c). Elitism is at the end of the 

iteration and preserves the best birds with the best solutions over the generations. 

6.6 Evolutionary Surrounding Search 

This section overviews the general stages of the Evolutionary Surrounding 

Search (ESS), as illustrated in Figure 35. The detailed explanation of ESS has been 

listed in Section 5.3. 

First, the ESS parameters are initialised (generation size, population size, 

distribution search rate and surrounding search iteration). The variables are also set at 

this stage. The candidate solutions (individuals) are generated and their objective 

function is calculated. The ESS exploration stage conducts a distribution search and 

surrounding search. The new group of individuals are then evaluated and used to 

update the previous generation. If there is no improvement in the best solution found, 

the surrounding search will be executed. At the end of every iteration, the Elitism 

process is performed. 



 

95 

 

Figure 35. General flowchart of the stages of ESS 
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6.7 Characteristics of the Algorithms 

The different characteristics of the algorithms are listed in Table 27. The 

EvoLovebird Algorithm is an improved version of the Lovebird Algorithm, while 

ESS is a combined version of EHNS and EEDA. 

Table 27. The general characteristics of the algorithms 

Algorithm Characteristics  

EHNS ♦ Produce a new solution with the neighbourhood search containing 

three kinds of mutation/combinatorics operators 

♦ Local Search based on Tabu Search 

EEDA ♦ Produce a new solution with the probabilistic model 

♦ Local Search based on combinatorics operators 

Lovebird  ♦ Produce offspring with five kinds of combinatorics operators 

♦ Local Search with combinatorics operators 

EvoLovebird ♦ Improved version of the Lovebird Algorithm 

♦ Produce offspring with five kinds of combinatorics operators 

♦ Local Search with improved combinatorics operators 

ESS ♦ Combined version of EHNS and EEDA 

♦ Produce offspring with: 

- the probabilistic model 

- combinatorics operator 

♦ Local Search with combinatorics operators 

 

The author has demonstrated that EvoLovebird is able to outperform 

Lovebird (Utamima et al., 2020). Meanwhile, from the author’s experiments, both 

the EHNS and ESS solutions for a dataset are better than EEDA. Hence, the 

following section will compare the performance of EHNS, EvoLovebird and ESS to 

solve the dataset in ARP. 
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6.8 A Comparison of EHNS, EvoLovebird and ESS in 
Solving the ARP Dataset 

Table 28 lists the non-working distance comparison of all developed 

algorithms compared to GA and TS. The bold value represents the best (minimum) 

value of non-working distance in that row. For Problems 1–6, EHNS, ESS and 

EvoLovebird are able to get the same minimum value, which is better than those in 

GA (on all problems) and TS (Problems 4–6). 

Table 28. The non-working distance comparison of all algorithms 

Problem 

Code 

Genetic 

Algorithm 

(GA) 

Tabu 

Search 

(TS) 

Evolutionary 

Hybrid 

Neighbourhood 

Search (EHNS) 

Evolutionary 

Surrounding 

Search (ESS) 

Evolutionary 

Lovebird 

Algorithm 

(EvoLovebird) 

8rt 95.767 94.439 94.439 94.439 94.439 

12rt_a 176.451 146.027 146.027 146.027 146.027 

12rt_b 166.451 145.602 145.602 145.602 145.602 

20rt 250.916 245.916 235.491 235.491 235.491 

37nc 1142.474 1088.188 958.930 958.930 958.930 

62Hs 562.414 559.914 479.914 479.914 479.914 

90rt 2791.680 2870.172 2658.474 2661.871 2651.871 

74nc 5212.590 *4416.30 3880.679 3869.590 3832.206 

74nc2 6064.112 5856.542 5197.349 5148.545 5197.349 

Note: The results of the specific problems in GA are obtained from Conesa-Muñoz et al. 
(2016a) and Hameed et al. (2011), and in TS from Seyyedhasani and Dvorak (2018a) 

 

In Table 28, EvoLovebird achieves the best non-working distance compared 

to other algorithms in solving Problems 7–8, while ESS achieves the shortest non-

working distance in Problem 9. 

Table 29 lists the non-working distance comparison of GA, TS, EHNS, ESS 

and EvoLovebird in problems with multiple fields. The value in bold represents the 
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best (minimum) value of non-working distance in that row. In these problems, 

EHNS, ESS and EvoLovebird achieve better solutions than those in GA and TS. 

EHNS, ESS and EvoLovebird achieve the same minimum distance on 

Problem 1. However, the EHNS solutions to the other problems are not better than 

those of ESS and EvoLovebird. Both ESS and EvoLovebird achieve the best solution 

for Problem 2. ESS provides the shortest distance in Problem 4, while EvoLovebird 

achieves the minimum distance in Problems 3, 5 and 6. In terms of the best solution, 

EvoLovebird achieves the shortest distance in five out of the six problems. 

 

Table 29. The non-working distance comparison in multiple fields of all algorithms 

No. 
Problem 

Code 

Genetic 

Algorithm 

(GA) 

Tabu 

Search 

(TS) 

Evolutionary 

Hybrid 

Neighbourhood 

Search (EHNS) 

Evolutionary 

Surrounding Search 

(ESS) 

Evolutionary 

Lovebird 

Algorithm 

(EvoLovebird) 

1 P2 1051.12 1029.33 953.44 953.44 953.44 

2 P3a 1293.81 1186.20 1119.93 1109.37 1109.37 

3 P3b 2294.03 2469.78 2188.43 2164.27 2091.97 

4 P4a 1968.95 1818.88 1767.65 1700.11 1703.41 

5 P4b 2947.51 3063.43 2659.97 2615.47 2517.59 

6 P5 4394.45 4677.44 4120.99 4074.422 4034.04 

 

Table 30 provides the running time comparisons of GA, TS, EHNS, ESS 

and EvoLovebird in solving the problem with multiple fields. Generally, 

EvoLovebird is the fastest algorithm compared to others. The EvoLovebird running 

time is the fastest in five out of the six problems, while the ESS running time is the 

fastest in only one out of the six cases. EHNS gets the slowest running time in all 

instances. Both the GA and TS running time are generally similar; however, they are 

still behind those of ESS and EvoLovebird. 
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Table 30. The running time comparison in multiple fields of all algorithms 

No. 
Problem 

Code 

Genetic 

Algorithm 

(GA) 

Tabu 

Search 

(TS) 

Evolutionary 

Hybrid 

Neighbourhood 

Search (EHNS) 

Evolutionary 

Surrounding Search 

(ESS) 

Evolutionary 

Lovebird 

Algorithm 

(EvoLovebird) 

1 P2 1.388 1.359 2.828 0.852 0.937 

2 P3a 4.375 3.234 8.691 2.315 2.166 

3 P3b 12.994 17.988 48.823 10.544 5.691 

4 P4a 9.633 7.032 28.182 3.622 3.128 

5 P4b 25.608 23.814 71.693 12.969 8.731 

6 P5 26.438 25.629 74.454 12.987 8.960 

 

Figures 36 and 37 show the running time (x-axis) versus the non-working 

distance (y-axis; objective function) of EHNS, ESS and EvoLovebird when solving 

Problems 3 and 5, respectively. The maximum value of the running time of the 

algorithms is reduced, based on the time needed for the fastest algorithm 

(EvoLovebird). Both ESS and EvoLovebird start and end with a smaller non-

working distance than EHNS. In other words, the convergence process of ESS and 

EvoLovebird is better than EHNS. 

In Figure 36, EvoLovebird starts to converge in less than 2 seconds, while 

maintaining a shorter non-working distance than ESS and EHNS. In Figure 37, 

EvoLovebird starts better than ESS and EHNS. Then, in the 3.5th second until the 

3.8th second, EvoLovebird’s non-working distance is defeated by ESS. However, 

EvoLovebird’s non-working distance outperforms ESS from the 3.9th second until 

the last second. 
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Figure 36. Running time versus distance of ESS, EvoLovebird, and EHNS for 
Problem 3 

 

Figure 37. Running time versus distance of ESS, EvoLovebird, and EHNS for 
Problem 5 

6.9 Discussion 

Table 31 summaries the characteristics, strengths and weaknesses of EHNS, 

ESS and EvoLovebird. EHNS’s strengths are the ease of coding the algorithm, and 

its solutions are better than the standard algorithms (GA and TS). However, it has the 
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slowest running time compared to other algorithms. The slow running time is the 

result of using TS as the Local Search. 

Table 31. The strengths and weaknesses of EHNS, EvoLovebird and ESS 

Algorithm Characteristics  Strength Weakness 

EHNS Neighbourhood search with 

three types of mutation or 

combinatorics operators 

Local Search with TS 

technique 

Better solutions than GA 

and TS 

Easy to implement 

Slow running 

time 

ESS Distribution search 

(Inter) surroundings search 

with three types of 

combinatorics operator 

Local Search with two types 

of combinatorics operators 

Better solutions than GA, 

TS and EHNS 

Fast running time 

Extra effort 

to implement 

 

 

 

EvoLovebird  Neighbourhood search with 

five types of combinatorics 

operators 

Local Search with three 

types of combinatorics 

operators 

Better solutions than GA, 

TS, EHNS 

72% of solutions better 

than ESS 

Fast running time 

Strong Local Search 

Extra effort 

to implement 

 

 
 

The benefits of both ESS and EvoLovebird are the fast running time, and 

their solutions are better than GA, TS and EHNS. Their drawback is the extra effort 

required to implement and build the algorithm. EvoLovebird’s combinatoric 

operators increase the ability to search for improvements in the group of candidate 

solutions, leading to a better solution compared to the other algorithms. The 

experiments also show that Local Search is essential in achieving an improvement in 

the global best solution. Therefore, a strong Local Search is necessary for building an 

evolutionary algorithm. 
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In this study, the reliability of the algorithm and the validity of the solutions 

were demonstrated and confirmed against previously conducted studies in academic 

publications by not only getting the same or better solutions but also finding the best 

solution in a significantly shorter time. As described in the limitations (Section 8.3), 

further experiments need to be conducted to evaluate the algorithms on other field 

constellations and extended parameter settings.  
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Chapter 7. Practical Applications 

This chapter contains parts of two conference papers. One has been 

published in the Australasian Conference on Information Systems 2019 (Section 

7.1), and the other accepted in the 12th International Conference on Computer and 

Automation Engineering 2020 and indexed in ACM Digital Library (Section 7.2). 

The details of the conference paper can be found in Appendix B and C.  In this 

chapter, the possible future implementation of ARP is discussed as part of Decision 

Support Systems (DSS) and its application to different field operations. 

7.1 Decision Support Systems 

A recent trend in the agricultural sector is the integration of computers to 

support automation in the operation of small- and large-scale farms. The utilisation 

of computers for decision making is critical for farmers wanting to lower their 

operating costs and control their machines. Decision making supported by a useful 

DSS can improve the quality of the decision in the agricultural field. 

The main objective of DSS is to help, improve and potentially automate the 

decision-making process (Turban et al., 2005). A decision-making process based on 

an optimisation technique is related to the recognition and solution of optimisation 

problems. Computer programs that solve optimisation problems are an essential 

element of several DSS (Bernus & Holsapple, 2008). 

Recent studies have proposed several DSS for agriculture. For example, A 

DSS in fish farming is intended to optimise production strategies. The DSS contains 

an optimisation module that uses PSO to optimise seabream aquaculture production 

(Cobo et al., 2019). A fuzzy-based DSS is proposed to improve irrigation in 

agriculture by deciding whether irrigation is needed and determining the amount 

required according to a set of rules involving variations of several weather variables 

(Giusti & Marsili-Libelli, 2015). Navarro-Hellín et al. (2016) improved the DSS in 

irrigation by considering the soil measurement to precisely predict the irrigation 

needs. An agro-climate decision support tool is proposed to help users run crop 

simulation models for the targeted crops (Han et al., 2019). 
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Despite the variations of DSS in agriculture, no formal studies apply ARP in 

the form of decision making by farmers. Consequently, the author’s work on this 

topic is the first to consider ARP for such decision-making processes (Utamima et 

al., 2019c). The study also contributes to the development of a new algorithm (the 

Lovebird Algorithm), and its application is represented in an optimisation module of 

DSS in ARP. 

Figure 38 represents the proposed framework of an optimisation module in 

DSS for ARP. This framework is in line with Cobo et al. (2019) and Ben Jouida and 

Krichen (2018). The inputs of the module consist of the coordinates of every track, 

every entrance to each field and the depot, as well as the number and capacity of the 

machines. The process starts with the calculation of track distances inside the fields 

and to the entrances and the depot. Optimisation with the evolutionary algorithm is 

then executed. The outputs of the module are the optimised order of tracks that need 

to be traversed by the machines, the non-working distance and the length of 

harvested tracks (working distance). 

 

Figure 38. The framework of the optimisation module in DSS for ARP 

The proposed module can be integrated into a fleet management system in 

agriculture (Sørensen & Bochtis, 2010). This system includes an online decision 

support system, which will help the farmer run the machines through online routing. 

The primary stakeholders on the DSS are the farm manager to manage and optimise 

the operations of their fleet. The DSS can be used to calculate the best solutions for 

different scenarios and thus support the efficient and effective fleet operation by 

providing the minimum distance and time to operate the fields. In addition, the 

algorithms provide  route and path guidance for the driver of the machines. The DSS 

Input

•Tracks, entrances 
and depot 
position

•Number and 
capacity of 
machines

Process

•Calculate track 
distance

•Optimisation 
with an 
evolutionary 
algorithm

Output

•Order of tracks 
(by each 
machine)

•The harvested 
tracks

•The non-working 
distance
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can further improve the operations by receiving current positions of the machines to 

continuously recalculate the best solution. 

Another alternative is to add the evolutionary algorithm to a comprehensive 

farm management system (Sørensen et al., 2010). This new design of a farm 

management system considers new situations from the perspective of both the 

farmers and the farm manager. Specifically, the routing algorithm can be included in 

one of the system modules, called ‘plan generation’. After that, the farmers can 

execute the route provided by the management system.  

The author introduced the Lovebird Algorithm as the routing algorithm for 

ARP to achieve the optimised solution (Utamima et al., 2019c). The Lovebird 

Algorithm has been described previously in Section 6.4. The Lovebird Algorithm 

acts as an optimisation tool to screen alternatives and focus only on efficient ones. 

The experimental results show that the proposed algorithm can outperform GA and 

TS. 

7.2 Fertilising Operation 

ARP can be applied in different field operations in agriculture. The field 

operation involves arable farming and orchard farming, which includes operations in 

tillage, mowing, conditioning, weeding, seeding, spraying and fertilising, etc. 

(Bochtis & Sørensen, 2009). Examples of tillage include seedbed preparation and 

cultivation, while spraying includes pest control and weed control. 

Despite the variations of ARP in agriculture, the issue of seeding, spraying 

and fertiliser application has not been dealt with comprehensively, with studies 

tending to focus on only single-field operations. The author is the first to address 

ARP for fertiliser application in more than one field (Utamima et al., 2020). The 

ARP observed in this paper uses multiple machines with the same capacity. The 

complete paper can be found in Appendix E. The adapted mathematical model is 

similar to the one provided in Section 4.3. 

In reference to maximum distance constraints, optimisation will assign 

machines to the routes provided based on the amount of fertiliser they hold. For 

example, if a machine is running out of fertiliser, it must return to the depot for a 
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refill before the next tour begins. The assumption is a uniform volume of fertiliser 

per travelled distance. Thus, in a machine, the volume of the fertiliser can be 

determined by the maximum distance it can travel on one tour. As the problem 

considers the machine’s capacity, the mathematical model and the proposed method 

can also be applied to seeding and spraying in the field. 

The author used EvoLovebird to determine the optimum path to take when 

fertilising fields (Utamima et al., 2020). EvoLovebird has been described previously 

in Section 6.5. The fertilising case study uses five generated instances with multiple 

fields and several homogeneous machines. Utamima et al. (2020) also provides a 

comparison of EvoLovebird with GA and TS. The experimental results showed the 

superiority of the proposed algorithm concerning the savings in the non-working 

distance and time. The running time of EvoLovebird was three times faster than GA 

and TS in all problem instances. 

7.3 Discussion 

The output of this thesis is expected to be able to reduce the resources 

required in ARP (i.e. machines, fuel and personnel), which may result in a 

competitive advantage and access to markets in a lower price segment. This will 

contribute to addressing the sustainability issue of agricultural fields, by considering 

its impact on the improvement of economic and environmental factors. In economic 

terms, ARP can reduce the general cost of operating the machines, including the fuel 

cost, by minimising the travelled distance. By lowering the travelled distance, this 

can help to reduce fuel consumption (energy saving) and consequently decrease the 

environmental impact of CO2 emissions. 
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Chapter 8. Conclusion 

8.1 Contribution 

The aim of ARP optimisation is to minimise the total distance driven to 

manage a field. By solving the proposed ARP with the suggested algorithm, this 

research is significant as it is expected to improve the fleet management and 

operations of the machinery in agriculture by generating effective routing plans. The 

better the routing plan, the shorter the distance travelled by the machines and the less 

time needed for doing field operations. This will benefits farmer and farm manager 

as well. Quantitative improvements such as reduced resources (e.g. fuel, machines 

and workers) will result in a competitive advantage and market access to the lower 

price segment. This would then address the sustainability problem in agriculture by 

taking into account the impact on the development of economic (cost reduction) and 

environmental factors and energy savings (reduced fuel consumption) and, as a 

result, lowering greenhouse gas emissions. 

As well as the significant benefits indicated earlier, this study also presents 

several contributions: 

1. Defining an extended ARP that deals with multiple fields, tracks and 

machines with different capacities and turning manoeuvres. 

2. Developing the mathematical formulations to represent the general problem 

sets (from previous research) and the extended ARP. 

3. Building and exploring new evolutionary algorithms to address the ARP. 

4. Benchmarking the new evolutionary algorithms against existing algorithms in 

the literature. 

8.2 Summary and Concluding Remarks 

A variety of examples of ARP optimisation have been implemented in the 

agriculture literature, and solutions have been presented using different algorithms. 

To collect benchmark data in ARP, this research gathered various datasets reflecting 
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the past studies. The thesis then introduced the extended ARP by considering several 

constraints at the same time to generalise the problem of harvesting more effectively. 

The work also generates seven problem sets for the extended ARP. 

This study introduces several new evolutionary and hybrid algorithms, 

including the Evolutionary Hybrid Neighbourhood Search (EHNS), Evolutionary 

Surrounding Search (ESS) and Evolutionary Lovebird Algorithm (EvoLovebird). 

The experimental results demonstrate that during the validation process with the 

previous ARP dataset, the application of these algorithms can achieve either the same 

or better optimal solutions in all instances. 

The experimental results also show that the proposed evolutionary algorithms 

(EvoLovebird, EHNS and ESS) made improvement in different problem sets in ARP 

compared to the previous algorithms utilised in the literature (GA and TS). From a 

total of nine problem sets obtained from the literature, EvoLovebird obtains the best 

results in eight of the problems and EHNS in six of the problems, while ESS 

achieves the minimum solution in seven of the problems. On the other hand, TS 

provides the best solution in three of the problems, while GA provides the worst 

solutions in all problems compared to the other algorithms. 

The proposed evolutionary algorithms also perform well in extended ARP 

problem sets. From a total of six instances, EvoLovebird achieves the best solution in 

five of the problems, EHNS gets the minimum solution in one problem, while ESS 

obtains the best solution in three of the problems. On the other hand, both GA and 

TS fail to get a single best solution. EHNS, ESS and EvoLovebird maintain the best 

objective function and the fastest convergence speed in all general and extended 

ARP problems when compared to GA and TS. Furthermore, the running time of both 

ESS and EvoLovebird are faster than GA and TS. 

8.3 Limitations and Future Research 

This scope of this study is limited to the use of data provided from the 

literature or generated (hypothetical) data. The data comprises two-dimensional 

fields with straight and parallel tracks. The headland areas are assumed to be wide 

enough for the machines to make the required manoeuvres. 
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Future research may focus on building an entire DSS to help decision 

making in ARP. Various applications of the DSS in ARP, including optimised 

machine routing, may also be considered as a future direction, such as for orchard 

operations and herbicide applications. 

Future studies may also focus on extending the experiments utilising the 

evolutionary algorithms. Additional ARP problem sets could be generated to test the 

algorithms and their reliability of providing sophisticated results. The algorithms 

could then be further tuned by applying different parameter settings. The different 

combinatorics operators could be embedded in the algorithm to maintain the 

diversity of the algorithm, which may lead to improvements in the quality of the 

solution. 

More prospective research could concentrate on combining multiple 

systems, enhancing field coordination, or including DSS and other information 

systems relevant to field operations and harvested crop management. The 

information on minimised machine routes is essential for both current and future 

agricultural field management. In the future, optimised routes may become input 

factors for field robots or autonomous vehicles used for field harvesting. 
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