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Abstract 

    As the need for food is growing continuously, the intelligent agriculture replaces the 

traditional agriculture by deploying various agricultural machineries to perform the agricultural 

missions. However, the intelligent agriculture is not smart enough, so it requires massive of 

human interventions. These interventions are always based on the previous experience, leading 

to an imprecise control over the intelligent agriculture system, especially in mission planning and 

resource allocation. 

 This paper proposes a precision farming system (PFS) and treats it as a multi-agent system 

(MAS) with an improved federal architecture. The machineries in this system are regarded as the 

agents with different functionalities. Regarding the mission planning in the PFS, it is actually a 

multi-objective optimization problem (MOP) and this paper defines the optimization objectives. 

An improved algorithm, GAPSO, is proposed to plan the established missions. During the mission 

planning process, each agent allocates the benefits through an auction. After receiving the bids 

from the agent candidates, the auction host runs the GAPSO to compute the Pareto optimal 

solution, which is the best strategy for mission planning and resource allocation. Then, the 

selected agents form an agent coalition according to the computed solution and execute the 

agricultural missions cooperatively. 

 In order to verify the feasibility of proposed mission planning approach, a simulation is 

designed to execute an agricultural mission by several machineries. The simulation result 

illustrates that the mission is planned properly and the resource is allocated reasonably. 

 The proper mission planning and resource allocation enables the intelligent agriculture to 

increase the productivity and decrease the cost. Meanwhile, the precise use of the pesticide 

decreases the harm to farming fields. The theoretical analysis and simulation is a good foundation 

for the further study. Once the mission planning approach applies to the real scenario, it is 

expected to bring high economic benefits. 

 

Keywords: Multi-agent system; Agent coalition; Mission planning; Multi-objective 

optimization. 
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1.1. Introduction 

    In 2017, the world population is more than 7 billion and estimated to reach 11.2 billion by 

2100. Such huge population requires large quantities of food for survival. However, the traditional 

agriculture can no longer fulfil the needs for food in the future, because it requires massive human 

labour and long time to produce the food. Under this circumstance, the modern intelligent 

agriculture is proposed to replace the traditional one in some way. The intelligent agriculture is a 

combination of modern information technology and human agricultural experience, aiming at 

increasing the productivity with the minimum cost. The concept “precision farming”, a hot 

research topic in the intelligent agriculture, has attracted many attentions recently. A precision 

farming system, on the basis of 4S (GIS, GPS, RS and DSS), has the capability of regularly 

performing a set of agricultural operation in a specific area at a specific time, such as precise 

irrigation and pesticide spraying [1-5]. The precision farming system obtains the environmental 

data from remote sensing (RS) to monitor the nutritional status of crops and moisture of soil [6]. 

Then, the PFS analyses the obtained information by the geographic information system (GIS) [7]. 

Afterwards, the PFS relies on the decision support system (DSS) to make a detailed operation 

plan for the agricultural machineries. Lastly, the PFS uses the global positioning system (GPS) to 

guide the agricultural machineries to perform precise operations [8-10]. 

  In the precision farming system, the decision support system plays an important role, 

because it involves the mission planning process. Mission planning is an organization process of 

defining the operation strategy and making decisions on allocating the limited resources. It may 

also refer to a control mechanism for guiding the implementation orders. 

 Many researches have done lots of work on the mission planning in different application 

scenarios. Yang Ying studies the mission planning problem of unmanned combat aerial vehicles 

based on multi-agent system and contract network protocol. After establishing the target function 

model and correlative restriction models, he introduces the idea of market auction mechanism 

from contract net protocol. By this method, the mission planning problem is solved efficiently 

and the global optimization is achieved [11]. Lei Cao et al. study the mission planning for multiple 

unmanned autonomous vehicles (UAV). Firstly, a state information model of UAVs is established. 

Secondly, a mixed dynamic task allocation method decomposes the problem into two low-level 

problems. Thirdly, the two-level problems are solved by a PSO-based and distribution auction 

algorithm. The simulation indicates that the proposed method is feasible and decreases the 

complexity of mission planning problem [12]. Wang Chihsu et al. present a new adaptive self-

organizing map with recurrent neural network controller for mission planning and path evolution 
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of missile defence system. By proper planning, the defending missiles are dispatched towards 

their corresponding targets by minimizing total damage cost [13].  

 Hence, mission planning is a hot research topic nowadays. This paper mainly focuses on the 

mission planning approach for the agricultural machineries in the precision farming system. The 

mission planning approach takes the constraints of the precision farming system into 

consideration and assigns the most appropriate targets to each agricultural machinery. The 

precision farming system aims at achieving high productivity with the minimum investment and 

reduce resource waste at the same time. 

1.2. Motivation 

1.2.1. Research background 

   Nowadays, the intelligent agriculture system is not smart enough and requires massive human 

interventions. However, these interventions are usually based on previous experience, leading to 

imprecise control over the system, especially in the process of mission planning. So, in this paper, 

a mission planning approach for the precision farming system is studied. The proposed mission 

planning approach enables the agricultural machineries to perform the complex missions 

cooperatively and autonomously with minimum human interventions. Furthermore, due to the 

external changes of the environment and limitation of internal resources, the precision farming 

system has the characteristics of dynamics and unpredictability. When facing these changes and 

constraints, the precision farming system has to adjust its plan and re-assign the targets to the 

agricultural machineries. On the one hand, external changes may provide new benefits. The PFS 

has to make new plans to allocate these benefits. On the other hand, the capability of internal 

members may change, leading to unbalanced payloads and incapability of completing the mission. 

Under this circumstance, the PFS has to adjust the plan as well.  

Obviously, the results vary from different mission planning strategies. For example, a 

computer consists of two calculation units, U1 and U2. These two calculation units have the 

following constraints: a) The calculation capability of U1 and U2 is the same. b) The maximum 

number of tasks loaded by one calculation unit is three. c) In one time unit, U1 is able to handle 

with two tasks and U2 is able to handle with one task. d) The cost of executing each task is the 

same. Now, the computer receives two missions, A and B. These two missions have to be 

completed in two time units. Before performing the missions, the decomposed tasks of these two 

missions and the relationship of each task is shown as follow: 
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Figure 1. The decomposed tasks of mission A and B 

As is shown in Figure 1, mission A is decomposed into several tasks, A1, A2, A3 and A4. So 

does the mission B. 

Assuming that when t=0, there are four tasks, and when t=1, there are five tasks. Meanwhile, 

each task has the same complexity. It costs two resources to execute one task. If two relevant 

tasks are assigned to different calculation units, it costs one extra communication resource.  

Two possible plans of task assignments are shown in the following figure: 

 

Figure 2. Two possible plans of task assignments 

 As is shown in Figure 2, in the first plan, U1 is fully loaded with three tasks at t=0. Meanwhile, 

U2 receives one task A4. When t=1, U2 has completed the assigned task and is ready to load three 

more tasks. U1 completes two of three assigned tasks and can only take over two more tasks. 

Hence, the total resource cost for the first plan is (4 * 2 + 1) + (5 * 2 + 1) = 20. 
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 In the second plan, A1, A2, A3 and A4 are equally assigned to U1 and U2 at t=0. After one time 

unit, U1 completes all assigned tasks and is ready to load three more tasks. U2 only completes one 

task and can load two more tasks. Hence, the total resource cost for the second plan is (4 * 2 + 2) 

+ (5 * 2 + 2) = 22. 

 From the above result, the first plan dominates the second plan because of the lower resource 

cost. From the example, though the complexity of the example is simple, it is concluded that 

different plans result in different resource consumptions [14]. 

 Generally, the mission planning process concerns the implementation order for a serious of 

decomposed tasks under an uncertain circumstance. No matter how complex a mission is, it could 

be represented by a serious of decomposed tasks and the relationships of each task. The process 

of mission planning is to assign these tasks to appropriate internal members in real time with high 

efficiency. Once the optimal plan applies to the system, the optimal performance of the system is 

expected to be achieved [15-18]. 

1.2.2. Research purpose and goal      

This paper mainly focuses on the mission planning approach for the precision farming system. 

By proper mission planning, the precision farming system is expected to perform the agricultural 

missions in a high-efficient, low-cost and environmental-friendly way. The research objectives in 

this paper are summarized as follow: 

(1) After studying the characteristics and architecture of the multi-agent system, build a 

precision farming system as a multi-agent system with an improved federal architecture. The 

proposed architecture is supposed to have three kinds of agents: the captain agent, sub-captain 

agents and normal agents. Meanwhile, each agent has its own functionalities and relationship.  

(2) Treat the mission planning problem as a multi-objective optimization problem and define 

corresponding optimization objective functions. In the precision farming system, the objective 

beneficial function and objective cost function should be defined in mathematical equations. 

Hence, the total objective function of PFS is obtained by addition of above two functions with 

different weights. The best strategy for mission planning in PFS is solved by computing the total 

objective function. 

(3) Define the agricultural machinery model and target model in the precision farming system. 

The parameters of each model should be specified in the programming language Python. These 



 

 

18 

models will be used in the simulation later to verify the effectiveness of the precision farming 

system.  

(4) Design an improved algorithm, GAPSO, taking advantages of the genetic algorithm and 

particle swarm optimization algorithm. The GAPSO is used to compute the Pareto optimal 

solution and solve out the multi-objective optimization problem. 

(5) Design a mission planning approach. Firstly the established mission should be 

decomposed into several tasks. Then a mission auction is hold to assign the tasks to the agents 

based on the negotiation results. After proper planning, the tasks are assigned to the most 

appropriate agents and the payloads for each agent is balanced. Lastly, the PFS should take 

dynamic changes into consideration, so, a mission re-planning mechanism should be designed for 

the purpose of strengthening the robustness of PFS. 

1.3. State of the art 

1.3.1. Multi-agent system 

The multi-agent system is a computerized system, consisting of multiple autonomous or 

semi-autonomous intelligent agents within a certain environment. Through the communication 

and interaction of these intelligent agents, the multi-agent system is able to solve complex 

problems that a single agent cannot solve. Due to the effectiveness of the MAS, it has been applied 

to many areas, such as industry, military, finance, agriculture and etc. 

Jung Juhwan and Liu Chenching propose a multi-agent framework for the large-scale power 

systems. The multi-agent framework enables the power system to deal with complexity, 

uncertainty, real-time information and computation. Moreover, it helps the power system to avoid 

catastrophic failures due to natural calamities, human errors or any disturbances. The power 

system with the multi-agent framework has the advantages of adapting to the complex system 

changes quickly and is capable of handling large amount of data [19].  

An Hongwei et al. build a centric virtual battlefield simulation model based on the multi-

agent interactions. This simulation model is able to provide details to examine important 
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dynamics in tactical warfare process. The tactical warfare process has heterogeneous members, 

such as tanks, missile launch vehicles, armored reconnaissance vehicles and etc. These members 

could be treated as the intelligent agents and have their own believes, desires and intensions. Then 

the tactical warfare system could be looked upon as a collection of the intelligent agents that are 

dependent upon each other [20]. 

Ying Weir et al. study the multi-agent systems in financial business applications. They 

propose an ontology-driven approach for the development of intelligent applications. This 

proposal helps domain experts and financial researchers to do statistical experiments with multi-

agent mathematical models without knowing the low-level programming details. In their 

contributions, a new methodology for the ontology-based multi-agent applications is proposed, 

and associated tools for practical deployment is developed [21]. 

Christian Grovermann et al. develop a new model based on mathematical programming-

based multi-agent system. This model allows assessing ex-ante the impact of alternative pesticide 

use reduction strategies, including combinations of pesticide taxes, the introduction of integrated 

pest management, the price premium for safe agricultural produce and subsidies for bio-pesticides. 

They deploy this model in Thailand to perform the experiment in the real scenario. They also 

define a smart policy package, which is able to reduce average use of hazardous pesticides by 34% 

over current levels without adverse effects on the average farm income [22]. 

As is shown in the above literatures, the multi-agent system is widely used in different 

domains and achieves excellent performance. Hence, the multi-agent system is applicable to the 

precision farming system as well [23-25]. 

1.3.2. Agent coalition 

In the multi-agent system, a coalition is an agent organization established to complete a 

specific task. The agents within the coalition share the resource and task information, aiming at 

completing the assigned tasks cooperatively. By forming an agent coalition, the resource of the 

system could be fully used, and the system is expected to obtain the maximum benefit. 

Furthermore, an agent coalition increases the computation capability of solving out the complex 
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problems. Hence, the agent coalition is a main cooperation method for the agents. Additionally, 

an agent coalition has its own life cycle. When a mission is established, an agent coalition is 

formed. When a mission is complete, the agent coalition will be dismissed. Researchers have 

achieved lots of contributions regarding the mechanism of agent coalition formation. 

Zhang Guofu designs an algorithm, based on particle swarm optimization, to form a complex 

coalition. He proposes a concept “virtual agent”. A virtual agent is original from the real agent, 

representing its remaining resource. The virtual agent’s duty is to compete for the upcoming 

missions with the remaining resource. This method avoids the resource waste and it can fully use 

the agent’s capabilities. The proposed agent coalition formation mechanism in his paper is based 

on the swarm intelligence, such as particle swarm optimization algorithm and ant colony 

algorithm [26].  

Meng Linghang et al. analyze the cooperative coalition problem for formation scheduling 

based on incomplete information. They develop a multi-agent cooperative coalition framework 

to optimize the formation scheduling problem in decentralized manner. A coalition negotiation 

algorithm is constructed for the purpose of analyzing the cooperative coalition problem. The 

Harsanyi transformation is presented to transform the coalition problem to the Bayesian-

equivalent coalition problem with incomplete information. In such framework, each agent can 

improve its expectation of rival’s utility and strategy types [27]. 

Marius Călin Silaghi et al. present an approximation algorithm to solve the distributed 

constraint optimization problem (DCOP) by forming effective coalitions. A concept “coalition 

structure generation (CSG)” is proposed in their work, involving partitioning a set of agents into 

coalitions, so that the sum of the rewards of all coalitions is maximized. They develop an 

algorithm with parameter k that can find a coalition structure whose social surplus is at least 

2max( , )
* 1
k k

w n
of the optimal coalition structure, where w* is the tree width of a constraint 

graph. When k = 1, the complexity of this algorithm is about the same as solving on DCOP [28]. 

Xu Jinyou studies the agent coalition formation mechanism based on an improved distributed 

particle swarm optimization (DPSO). He indicates that the limitations of allowing one agent to 
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join only one coalition result in the recourse waste. Hence, the agents are divided into smaller 

particles and have the permit to join multiple coalitions in order to achieve higher performance. 

Meanwhile, the trajectory of the particle is improved by modifying the particle’s velocity updating 

equation. This method ensures that an optimal solution to form the agent coalition can be obtained 

[29]. 

In the precision farming system, each agricultural machinery is regarded as an agent. The 

agricultural machineries are supposed to share mission information and work cooperatively to 

complete the agricultural missions. In this paper, the agent coalition is formed by a mission 

auction process. After a mission is established, each agent offers the bids. Then the auction host 

computes the Pareto optimal solution by running the proposed GAPSO algorithm. 

1.3.3. Multi-objective optimization 

Multi-objective optimization problem (MOP) is a hot topic in the optimization domain. 

Generally, it is impossible to optimize all the objective functions in a MOP at the same time, 

because objective functions are always conflict with each other. If one objective function is 

optimized, the performance of another one may be decreased. So, MOP is solved by balancing 

the benefit of each objective function in order to achieve a global optimization.  

Researchers have studied the MOP in intelligent agriculture and made lots of contributions.  

 Rodrigo T.N. Cardoso et al. propose a multi-objective numerical solution to biological pest 

control for soybean crops, considering both the cost of the control action and the cost of economic 

damages. They use the non-dominated sorting genetic algorithm II (NSGA II) to solve the 

dynamic optimization problem with a reasonable computation effort. The proposed methodology 

in their work is flexible for dealing with different constraints, objective functions and external 

disturbances [30]. 

 Ángel Galán-Martín et al. present a novel systematic method for agricultural planning that 

optimally allocates rainfed and irrigated cropping areas. This method is able to increase the food 

availability and reduce the environmental impact of agriculture. The allocation problem is 

formulated in a mathematical way as a multi-objective optimization problem with the objective 

functions of the crop production maximization and minimization of the environmental impact 

caused by the water consumption. They also compare their simulation results with the current 
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allocation of rainfed and irrigated wheat areas in Spain, and draw a conclusion that the proposed 

method in their work dominates the current one [31]. 

 Jeroen C.J. Groot et al. design the FarmDESIGN model with the capability of evaluating the 

productive, economic and environmental farm performance. The model is also capable of 

generating a large set of Pareto optimal alternative farm configurations by running the multi-

objective optimization algorithm. The optimization objectives are to maximize the operating 

profit and organic matter balance, and to minimize the labor requirement and soil nitrogen losses. 

The output of the model is a collection of alternative farm configurations for better performance 

in above mentioned optimization objectives. The experiment is carried in an organic farm in 

Netherlands, and expected performance is achieved [32]. 

 In this paper, the precision farming system also involves multi-objective optimization 

problem. It concerns the objective beneficial function and objective cost function. The PFS has 

to consider the energy consumption and equipment loss of the agricultural machineries during the 

mission executing process. Meanwhile, the PFS has to calculate the expected benefits before 

executing the missions [33-34]. 

1.3.4. Task assignment 

Task assignment is a classical combinational optimization problem. The researches on task 

assignment are very meaningful, because a proper task assignment mechanism has the advantage 

of increasing the performance of the system. Many research works have been contributed to the 

task assignment domain. 

 Somaiyeh MahmoudZadeh et al. propose a novel combinatorial conflict-free task assignment 

strategy, consisting a local path planner and an adaptive global route planner. The proposed 

strategy has the merits of highly efficiency as a consequence of its reactive guidance framework, 

ensuring the successful mission completion. The proposed task assignment strategy relies on the 

particle swarm optimization algorithm. The simulation result indicates that the proposed strategy 

has the capability of dealing with uncertainties and enhancing the level of vehicle’s autonomy 

[35]. 

Branko Miloradović et al. study a genetic planner for mission planning of cooperative agents 

based on the genetic algorithm in the underwater environment. The planner is designed to utilize 

multiple autonomous underwater vehicles (AUVs) and remotely operated vehicles (ROVs). The 

planner can run multiple tasks in parallel on the agent’s level as well. Their main contributions in 

this work include a mission management tool for computing the initial planning of activities, 
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monitor the execution and make appropriate mission re-planning in case of unexpected changes 

[36]. 

The task assignment is the main focus in this paper. For the purpose of coordinating multiple 

agricultural machineries to complete a complex agricultural mission, a mission planning approach 

is studied, including two phrases: mission re-processing and task assignment [37-40]. 

1.4. Challenges in precision farming system 

    The precision farming system is on the basis of four key aspects: multi-agent system, agent 

coalition, multi-objective optimization and task assignment. Though many researchers have 

achieved huge contributions in those research areas, certain challenges are still remaining. The 

main challenges are summarized as follow: 

(1) Regarding the multi-agent system, a) no standard specification for applying the MAS to 

precision farming system has been established. So, there is not any rules to follow. b) Since the 

agricultural machineries are treated as agents in the precision farming system, the privacy issue 

of each agent has to be considered. For example, what kind of information could be shared and 

what kind of information should be kept as privacy [41]. c) The validity of shared information 

should be verified in case of malicious cheating from bad agents. d) A MAS may easily collapse 

due to the failure of a single agent, so the architecture of the MAS should be carefully designed 

in order to avoid the system collapse. 

(2) Regarding the agent coalition, former researchers only allow one agent to join one 

coalition. However, it is a trend that allowing one agent to join multiple coalitions. Under this 

circumstance, the resource of an agent could be fully allocated to perform several missions at the 

same period. Meanwhile, the benefit allocation in the agent coalition is an important issue. A 

proper benefit allocation mechanism could ensure each agent to receive the benefits, which are 

corresponding to its contribution. 

(3) Regarding the multi-objective optimization problem, the traditional solution to solve the 

MOP is to convert the multi-objective optimization into single objective optimization. However, 

the objectives in the MOP are always conflict with each other, if these conflicts are ignored, it is 

difficult to find the optimal solution of the MOP. So it is necessary to develop the multi-objective 

evolution algorithms, such as the genetic algorithm and particle swarm optimization algorithm. 
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These evolution algorithms imitate the biological natural selection and evolution, which are 

applicable to solve out non-linear problem with high computation complexity. 

(4) Regarding the task assignment, it has to consider the dynamics of the precision farming 

system. When external or internal changes occur, the tasks have to be re-assigned. However, most 

of the researchers treat the re-assignment process as a new task assignment process. Obviously, 

this method lead to repeated computation for certain tasks, resulting in a wrong evaluation for the 

system performance and waste of computation resources. It is necessary to overcome this 

challenge by proposing proper task re-assignment mechanism. 

Apart from the above mentioned challenges, several issues are worthy of concerns, such as 

the process of obtaining environmental information, communication between each agent and etc. 

1.5. Outline 

This thesis consists of six chapters. Apart from the first chapter, the outline of the rest 

chapters is organized as follow: 

    Chapter 2: This chapter introduces relevant information of the multi-agent system, 

including the characteristic and architecture of the agents, the characteristics and architecture of 

the multi-agent system. The agent coalition mechanism is also presented, especially the three 

compositions of the agent coalition process. Meanwhile, the communication of the MAS is briefly 

explained with an example, knowledge query and manipulation language (KQML). 

    Chapter 3: This chapter mainly discusses the multi-optimization problem. The discussion 

starts with problem statement of MOP, and then the MOP maps to the precision farming system 

by defining corresponding optimization objective functions. Afterwards, the common solutions 

to the MOP is illustrated, including the genetic algorithm and particle swarm optimization. Lastly, 

an improved algorithm, GAPSO, is proposed by combining the above mentioned two algorithms. 

    Chapter 4: This chapter concerns the mission planning approach in the precision farming 

system. Firstly, the PFS model is proposed, consisting of UAV model and target model. The 

mission planning mechanism has three composition: mission decomposition, task sorting and 

negotiation process. Especially in the negotiation process, a task auction is designed in order to 

allocate the benefits and assign the tasks to the most appropriate agents. Furthermore, the 

dynamics of the PFS is taken into consideration, so that, a mission re-planning mechanism is 

introduced at the end of this chapter. 
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    Chapter 5: This chapter describes the simulation design of the PFS and the simulation results 

are summarized. 

    Chapter 6: The contributions of this thesis are concluded in this chapter, meanwhile, future 

work is summarized as well. 
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2 Multi-agent 

system framework
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2.1. Agent definition and architecture 

   Nowadays, “agent” is a popular term among the scientific domain. Before using an agent, it 

is necessary to clarify its definition and structure. Though there are lots of research works studying 

on agents, no standard and common definition has been established. A wide accepted definition 

is described by Carl Hewitt [42]. He gave two general usages of the term “agent”, a weak notion 

of agency and a stronger notion of agency. 

 The weak notion of agency emphasizes on the basic characteristics of an agent, including 

autonomy, reactivity, pro-activeness and social ability. The detail of these four characteristics is 

illustrated as follow. 

 1) Autonomy 

 An agent is able to take actions without external interferences and it has the ability to control 

its behaviour and internal status. The characteristics of autonomy is one of the most important 

symbols that distinguishes the agent with other normal objects. 

 2) Reactivity 

 An agent could give certain feedbacks after perceiving the environment. The environment 

includes physical objects, communication networks, and other agents. The characteristics of 

reactivity represents that an agent is similar to life forms. 

 3) Pro-activity 

 An agent would not only respond to the external environment, but also take direct actions 

according to its objectives. The characteristics of pro-activity represents the rationality of an agent 

during the process of making decisions and take actions. 

 4) Social ability 

 Agents could communication with each other or with human beings through certain 

languages. The characteristics of social ability enables agent to form a multi-agent system in order 

to finish a complex mission cooperatively. 

 The stronger notion of agency is based on the weak notion. The stronger notion specifies 

more characteristics in a specific application background, such as mobility, benevolence, veracity 

and rationality. The detail of these four characteristics is illustrated as follow. 
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 1) Mobility 

 Agents can move around in the communication network. 

 2) Benevolence 

 It is assumed that agents do not have conflicts when chasing for the goals. Therefore, each 

agent will try to help each other. 

 3) Veracity 

 Agents will not send false information intentionally. 

 4) Rationality 

 Agents will take actions in order to achieve their goals and will not act in such a way as to 

prevent their goals being achieved. 

 Both the weak notion and the stronger notion of the agency describe the characteristics of an 

agent, however, these two notions do not specify that agent is an object, or a program or an entity. 

No matter what the standard definition of an agent is, it is widely accepted that there are many 

advantages of using the concept “agent” to solve problems. Firstly, the system, based on the 

concept “agent”, could store data, knowledge and resources in a distributed way. The computation 

of data could be handled locally. And then, results will be exchanged among agents. This could 

increase the efficiency of the system and balance the workload. Secondly, Agents could improve 

the flexibility of the system, because agents are able to play different roles with their own 

functions [43-45]. 

 There are three types of agent architecture, which are deliberative, reactive and hybrid 

architecture. Each architecture has different modules and functions. The detail of these three 

architectures are described in the following sub-chapters. 

2.1.1. Deliberative architecture 

The agent with deliberative architecture is always constructed by the artificial intelligence 

technology. This kind of agent is designed for thinking and acting like a manager in the multi-

agent system. Normally, a deliberative agent is constructed by the Belief-Desire-Intention (BDI) 

model shown in Figure 3.  
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Figure 3. Deliberative architecture of the agent 

The BDI model consists of three compositions: belief, desire and intention. These three 

compositions enable information reasoning by interpreter and planner. The agent generates the 

belief by observing the external environment and exchanging acquired information. The desire 

represents the goal that an agent wants to achieve, usually referring to finishing the assigned tasks. 

The intention represents the procedures of finishing the tasks. The pre-set plans are stored in the 

planner, helping the agent to achieve its goals. The interpreter illustrates the internal reasoning 

process of the agent. 

2.1.2. Reactive architecture 

The agent with reactive architecture is based on a perception-action model. This kind of agent 

does not need an environmental model represented by variables nor complex information 

reasoning, it just needs to take direct actions according to pre-set constraints and principles. The 

results of agent’s actions will affect the external environment through effector. The reactive 

architecture is shown in Figure 4. 
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Figure 4. Reactive architecture of the agent 

Compared with the deliberative agents, the intelligence of the reactive agent is much lower. 

Though the reactive agent is able to respond to the external environment quickly, it lacks of 

precision and flexibility during the reaction process.  

2.1.3. Hybrid architecture 

The agent with hybrid architecture has drawn more attentions recently, because it merges the 

advantages of quick reaction from the reactive architecture and high intelligence from the 

deliberative architecture. This kind of agent usually consists of two subsystems. The first one is 

called deliberative component, which is responsible to make plans and decisions using symbolic 

reasoning. The second subsystem is called reactive component, which is able to take action 

quickly without complex reasoning process. The hybrid architecture is shown in Figure 5. 
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Figure 5. Hybrid architecture of the agent 

2.1.4. Agents in the precision farming system 

In the precision farming system, each robot or control unit is treated as an agent. In a certain 

mission, several qualified candidate agricultural machineries and control units are selected to 

complete the mission cooperatively. Among the agent formation, there is at least one agent, 

usually the control unit, playing the role of the captain. In such case, the captain agent should 

have the deliberative architecture and is responsible to organize the agent formation. For example, 

when a mission is carrying on, some agents will form an agent coalition based on their own 

interests and global benefits. A sub-captain agent with the hybrid architecture should be chosen 

in order to command the rest of the agents in the agent coalition. The rest of the agents only need 

to have the reactive architecture. The sub-captain agent could obtain environmental data and 

receive direct commands from the captain agent. Then the sub-captain computes a feasible plan 

and give commands to the normal agents. The normal agents only have to take actions for the 

purpose of finishing the received commands. So, the hierarchical structure of the precision 

farming system is shown in Figure 6. 
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Figure 6. The hierarchical structure of the precision farming system 

In the above hierarchical structure, the captain agent has the deliberative architecture, the 

sub-captain agents have the hybrid architecture and the normal agents have the reactive 

architecture. 

2.2. Multi-agent system architecture 

The concept of multi-agent system is originated from distributed artificial intelligence (DAI) 

domain. A MAS consists of several autonomous or semi-autonomous agents, aiming at solving 

complex problems. The core of MAS is to merge all the agents’ capabilities. When several agents 

act as a complete system, the performance of this system is far beyond that of several agents. Here 

are some characteristics of the MAS [46-47].  

(1) Collaboration 

The agents in the MAS can work with each other cooperatively and solve a complex problem 

that a single agent cannot handle. 

(2) Parallelism 

The agents in the MAS can work in parallel, which increases the efficiency of solving the 

problems. Furthermore, MAS can deal with more complex problems. 

(3) Robustness 

The MAS does not rely on a single agent. The MAS will not be paralyzed because of one 

failure from a single agent. 
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(4) Extension 

As is defined above, extra agents can be add into the MAS, and useless agents could be 

removed from the network. This characteristics increases the reusability and scalability of the 

system. 

(5) Distribution 

The data and resource of the MAS are separately stored in each agent. Meanwhile, each agent 

could be deployed in different physical locations. This characteristics represents the distribution 

of the system. 

In addition, the structure of the MAS could be tight or loose, the composition of the MAS 

could be coarse-grained or fine-grained. For example, the artificial neural network (ANN) can be 

seen as a tight and coarse-grained multi-agent system. Each unit of the ANN is an intelligent agent. 

The collaboration of the agents would improve the intelligence of the whole system. However, a 

general distributed optimization problem is solved by a loose and fine-grained multi-agent system. 

Each agent has the capability of solving some parts of optimization problem. Meanwhile, each 

agent can exchange information with others when the environment changes. 

The framework of the MAS represents the relationship of the agents, especially the priority 

order. The framework also indicates the distribution solution, information storage, sharing method 

and etc. A standard framework of the MAS is shown in Figure 7. In this standard framework, 

each agent has its own affecting area and these areas may be overlapped. The overlapped areas 

reflect the relation of agents’ activities. So, it is necessary to establish a certain architecture for 

the purpose of coordination [48]. 

 

Figure 7. The standard framework of the MAS 



 

 

 

34 

The architecture of the MAS has great influence on the performance of the system. It may 

also affect the relationship of the agents. So, MAS-based applications should be built with a 

suitable architecture. Generally, three kinds of architectures are widely used nowadays, which are 

absolute-centralized, absolute-distributed and federal architectures. The detail of each 

architecture is explained as follow [49]. 

(1) Absolute-centralized architecture 

 In Figure 8, it describes the absolute-centralized architecture of the MAS. Under this 

circumstance, only one master agent, with absolute authority, controls the whole system, 

including data transmission, communication channel, decision-making and etc. Other agents are 

the slaves of the master agent and they will absolutely follow the commands from the main agents. 

This architecture decreases the complexity of the system and reduces the communication cost at 

the same time. However, its drawback is that the master agent should have a very strong capability, 

because it is impossible for the master agent to maintain the whole system when there are too 

many slave agents or the activities of slave agents are complex. So, it is concluded that this 

architecture only applies to a small scale and static system with a clear purpose. The absolute-

centralized architecture is not applicable to a large scale and dynamic system, such as the 

precision farming system. 

 

Figure 8. The absolute-centralized architecture of the MAS 

 (2) Absolute-distributed architecture 

 In Figure 9, it describes the absolute-distributed architecture of the MAS. Under this 

circumstance, each agent in the MAS is totally equal and has full-independent autonomy. Each 

agent can also communicate directly in order to achieve a cooperation. This architecture has the 

advantages of strong extensibility, which enables each agent to achieve its best performance. 

However, such architecture requires a high communication cost and each agent requires a high 

intelligence. So, the absolute-distribute architecture applies to a large scale system with fully-

equipped communication infrastructure. 
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Figure 9. The absolute-distributed architecture of the MAS 

 (3) Federal architecture 

 In Figure 10, it describes the federal architecture of the MAS. This architecture combines the 

advantages of the absolute-centralized and absolute-distributed architectures. On one hand, the 

MAS with federal architecture consists of several distributed federals. These federals are equal 

and can share information with each other. On the other hand, a federal consists of multiple agents. 

Within the federal, a facilitator, as a master agent, controls the rest of the agents and is responsible 

to coordinate the agents’ activities. The architecture inside the federal is centralized and the 

communication between each federal is processed by the facilitators. 

 

Figure 10. The federal architecture of the MAS 

 In this paper, the precision farming system uses an improved federal architecture. As is stated 

in the chapter 2.1.4, the precision farming system has three kinds of agents, one captain agent, 

sub-captain agents and normal agents. The improved federal architecture is shown in Figure 11. 
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Figure 11. The improved federal architecture for the precision farming system 

 In the above architecture, the captain agent is the control unit of the precision farming system. 

It has the highest priority and is able to organize the belonging federals. Each federal has a sub-

captain agent, which is treated as the facilitator. The sub-captain agent is responsible to receive 

the information of assigned missions and distribute these missions to the normal agents. Inside 

the federal, the normal agents only have to finish the assigned missions according to the plan 

made by the sub-captain agents. 

 After designing the architecture of the precision farming system, it is necessary to develop a 

mechanism in order to generate the federals and the whole system. In this paper, the concept 

“federal” is treated as an agent coalition and how to form an agent coalition is illustrated in the 

sub-chapter 2.3. 

2.3. Agent coalition mechanism  

Multi-Agent system, as an autonomous system, consists of multiple agents. These agents are 

always been deployed randomly in a wide area, leading to limitations of integrated capabilities. 

This may cause several problems. Firstly, a single agent may be unable to finish the assigned 

missions individually due to limited capabilities. Secondly, a single agent may finish the assigned 

missions, but its efficiency may be lower than cooperating with other agents to finish the missions 

together. Thirdly, a single agent may finish the assigned missions, but if it cooperates with other 

agents, this single agent may receive more rewards or reduce the cost. Conclusively, multiple 
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agents could finish the assigned missions in a high-efficient and low-cost way by forming an 

agent coalition [50-51].  

 In human society, people are willing to form a coalition and share interests. A classic example 

called postman problem illustrates the merits of the coalition. There are several packages waiting 

to be delivered by three postmen P1, P2 and P3 within 2 hours. Then, several delivery plans are 

available as follow. 

1) The packages are delivered by only one postman, such as P1. 

2) The packages are delivered by two postmen, such as P2 and P3. 

3) The packages are delivered by all three postmen. 

Here comes three results according to the above plans. 

1) P1 cannot finish the delivery mission in time due to its capability limitation. So, the 

reward will be 0. 

2) Two postmen could form a coalition and cooperatively finish the delivery mission within 

one hour. They will receive a 100-euros reward. 

3) Three postmen could form a coalition and cooperatively finish the delivery mission 

within 30 minutes. They will receive a 200-euros reward. The extra reward is due to 

satisfactory from the consumers. 

However, a large scale of coalition does not mean to receive more rewards. Because the cost 

will increase as more members join the coalition. For a specific mission, a suitable coalition could 

achieve the highest reward and optimize the system. Additionally, in the postman problem, the 

postmen do not consider the global benefits, but self-interests. In a general MAS, an agent 

coalition aims at achieving global optimal benefits and distributing a satisfied reward to each 

agent at the same time. For now, the agent coalition is widely used in many scenarios [52-55]. 

The process of a coalition formation has following compositions. 

1) Agent selection 

Before forming a coalition, the first thing is to select coalition members. Due to the 

requirement of the missions, the agents who have qualified capabilities have the chance to join 

the coalition. Also, the global benefit and cost should be taken into account. Furthermore, a 

qualified agent should receive a reasonable reward if it decides to join the coalition, otherwise, 

this agent has the right to refuse the invitation. After receiving the acceptances from selected 

agents, the coalition will compute the optimal plan and then inform the selected agents. 
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2) Negotiation between selected agents 

The mission publisher will persuade the agent candidates to join the coalition according to 

the optimal plan. Normally, there are two negotiation solutions. The first one is 1-to-N, 

representing that the mission establisher negotiates with multiple agents. The alternative solution 

is N-to-N, representing that the negotiation process is between each agent. According to the 

negotiation result, the selected agent could decide whether it should join the coalition or not and 

the coalition could decide whether accept the agent’s offer or not. 

3) Benefit allocation 

After forming the coalition, the most important issue is to allocate a reasonable reward to 

each agent. One of the most popular solution to allocate the rewards in agent coalition is called 

Shapley value, developed by Lloyd Shapley. Shapley value is a branch in cooperative game theory. 

It assigns a unique distribution of a total surplus generated by the coalition of all players. The 

Shapley value applies primarily in situations when the contributions of each player are unequal. 

The Shapley value ensures each player could gain as much or more as they act independently.  

 The above three compositions are closely related with each other as shown in Figure 12. The 

MAS will firstly form a potential optimal coalition according to certain principles, such as 

eigenvalue functions. Then the agent candidates in the potential optimal coalition negotiate with 

each other in order to receive a higher reward for themselves. During the negotiation process, one 

agent may not satisfy with the current rewards and it can request an adjustment to receive more 

rewards. However, if the rewards are still not provided, this agent may choose quit the coalition. 

When the members of coalition change, the potential optimal coalition should be re-generated 

and opens a new session to negotiate until the time is up. In conclusion, the three compositions 

are iterative and dynamical processes. 

 

Figure 12. Relationship of three compositions in coalition formation process 

 Additionally, an agent coalition formation mechanism should fulfill the following 

requirements. 

1) The feasibility of coalition 
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The cost of forming a coalition should be less than the overall benefit of the agent coalition. 

2) The stability of results  

The stability considers the rationality of an individual agent and the coalition. After the 

optimal coalition is achieved, none of the agent candidates will quit the coalition for more rewards. 

The coalition will not harm any agents’ rewards. 

3) The distribution of computation 

In case that local optimal may stop the coalition to chase for the global optimal, the 

distribution of computation should be considered. 

4) The simplicity of process 

The coalition formation is a NP-hard problem. It is impossible to find the optimal formation 

by computing infinite solutions in a limited time. So, the idea is trying to find a relative optimal 

formation. 

In this paper, the precision farming system is a complex system. Each agricultural machinery 

represents a single agent. The precision farming system considers not only the maximum global 

benefit, but also each agent’s self-interest. The purpose of precision farming system is to finish 

the assigned missions with multiple cooperative agents in the shortest time by forming an agent 

coalition. Meanwhile, each agent could reduce the energy consumption and equipment loss after 

joining the coalition. So, studying the agent coalition mechanism is essential. 

2.4. Communication 

   Agent communication in the multi-agent system should be considered, because the 

communication process enables agents to share knowledge, information and data. Meanwhile, the 

communication process should fulfill the requirement of collaboration and coordination between 

the agents. Furthermore, Agents could negotiate with each other in order to achieve the 

cooperation or competition [56-58]. 

 To ensure the success of communication process, a universal language should be specified. 

Generally, agent communication language (ACL) is widely used. The ACL is an advanced 

language, containing standard structures and communication commands to support multiple 

agents to carry on the activities of collaboration and coordination. In the ACL, these standard 

structures and communication commands consist of sub-languages, which define contents of 
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communication, parameters of messages (e.g. information of senders and receivers), mechanism 

of communication (e.g. conflicts handling and acknowledgements) and etc. However, there is not 

any standardized ACL yet. Nowadays, the commonly-used ACLs are as follow: knowledge query 

and manipulation language (KQML), FIPA agent communication language (FIPA-ACL), 

knowledge interchange format (KIF) and so on. 

 The most popular ACL is KQML, including 41 pieces of communication performatives. 

These performatives have three different types: content layer, message layer and communication 

layer. Firstly, the content layer describes the contents of messages. Since this layer is independent 

of KQML, the contents could be programmed by any suitable languages, such as Prolog and Lisp. 

Due to the advantages of content-irrelevance, the content layer could provide heterogeneous 

agents with communication. Secondly, the message layer, the core of KQML, indicates the 

interaction ability of each agent. One agent could enclose the communication performatives, 

including assertion, query, command or other operations, into the contents to ask other agents to 

perform the specified operations. Thirdly, the communication layer contains some parameters, 

such as flags of message senders, and unique identifications of the messages. These parameters 

are used to encode the lower-layer communications [59-61]. 

 A single message of KQML is a communication performative. It consists of the performative 

type, parameter names and parameters. The performative type indicates the type of 

communication operation. For example, the type “tell” is used by an agent to send its attitude to 

other agents. The parameter name starts with a keyword notation “:”, followed by the content of 

the data. For example, “:sender” indicates that this is a sender. The parameters are meaningful 

data, usually marked by keywords. 

 The communication performatives of KQML are usually expressed by Backus normal form 

(BNF) and the syntax is shown as follow. 

 <performative>::=(<word>|<whitespace>:<word><whitespace><expression>|*) 

 <expression>::=<word>|<quotation>|<string>|(<word>|<whitespace><expression>|*) 

 <word>::=<character><character>* 

 <character>::=<alphabetic>|<numeric>|<special> 

 <special>::=<>|=|+|-|*|/|&|%|:|.|!|? 

 <quotation>::=’<expression>|’<comma-expression> 

<comma-expression>::=<word>|<quotation>|<string>|,<comma-
expression>|(<word>|<whitespace><comma-expression>|*) 

<string>::=”<stringchar>*” |#<digit><digit>*”<ascii>* 
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<stringchar>::=” \<ascii>|<ascii>-\-<double-quote> 

Here is an example of KQML message to illustrate the syntax meanings. 

(tell 

  :sender     Agent_0 

  :content     (Reward Task 80) 

  :receiver    Agent_i 

  :language    Lisp 

  :ontology    taskDistribution 

) 

In the above example, the communication performative is “tell”, the message sender is 

Agent_0, the content is (Reward Task 80), the message receiver is Agent_i, the communication 

language is Lisp and the ontology is task distribution domain. By KQML definition, “:content” 

belongs to content layer, the performative “tell”, “:language” and “:ontology” belong to the 

message layer and finally “:sender” and “receiver” belong to the communication layer. 

There are seven pre-defined performatives in KQML, which are listed in Table 1. 

Table 1. Pre-defined performatives in KQML 

Performative Type Performative name 

Basic query evaluate, ask-if, ask-around, ask-one, ask-all 

Multi-response stream-about, stream-all, eos 

Response reply, sorry 

Generic information tell, achieve, cancel, untell, unachieve 

Generator standby, ready, next, rest, discard, generator 

Capability-definition advertise, subscribe, monitor, import, export 

Networking register, unregister, forward, broadcast, route 

 

 Though the communication of the MAS is a hot and important research topic, this paper does 

not focus on this research line, but on the mission planning approach. So, this paper assumes that 

all the agents in the MAS could communicate with each other successfully. Also, all the messages 

are sent and received correctly. 
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2.5. Summary 

   In section 2, firstly, the definition and architecture of the agent is explained in detail. After 

analyzing the characteristics of the agents, the precision farming system chooses a hierarchical 

structure containing all three types of the agent. The captain agent has the deliberative architecture, 

the sub-captain agents have the hybrid architecture and the normal agents have the reactive 

architecture.  

 Secondly, the characteristics of multi-agent system is described. Based on these 

characteristics, the precision farming system chooses an improved federal architecture for further 

development. 

 Thirdly, the agent coalition mechanism is discussed, the relationship of three compositions 

in coalition formation process is analyzed. The agent coalition mechanism aims at increasing the 

efficiency of the precision farming system, meanwhile, it reduces the energy consumption and 

equipment loss of the agents at the same time. 

 Lastly, some common solutions for the communication within the multi-agent system are 

simply introduced. However, this paper focuses on the mission planning approach of the precision 

farming system, so it is assumed that all the agents in the MAS could communicate with each 

other successfully. 
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3 Multi-objective 

optimization problem 
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3.1. Problem statement 

   Multi-objective optimization problem (MOP), also known as multi-objective programming 

problem, is concerned with mathematical computation, studying how to optimize multiple 

objective functions simultaneously in a given time interval, in order to fulfill the requirement of 

several criteria [62-64]. Usually, the objective functions are conflict with each other and have 

their own influence on certain criteria. It is impossible to find the global best solution and achieve 

the best performance of each objective function at the same time. The normal mathematical model 

of multi-objective optimization problem is usually formulated as follow: 

               Equation (1) 

In the above model, the optimization targets are f1(X), f2(X), … , fn(X), the inequality and 

equality constraints are gi(x) and hj(x) respectively.  

It is easy to deal with single optimization objective, because it only needs to compare the 

values of the objective function in order to search for the optimal value. However, this solution is 

not applicable to the MOP. The optimal values of all the optimization targets cannot be reached 

at the same time because of the conflicts between objective functions. An optimal value of one 

optimization target may be the worst value of another optimization target. Furthermore, if one 

optimization target is optimized, it may decrease the performance of another optimization target. 

So, each optimization target should make certain concessions in order to help the whole system 

to achieve the global best solution.  

Obviously, there are many solutions for solving the MOP and each solution would achieve 

different results. Among these solutions, there is at least one solution, called the Pareto optimal 

solution, which dominates the rest. The outcome of the Pareto optimal solution is often called the 

Pareto front. A nadir objective vector znad and an ideal objective vector zideal is used to restrict the 

Pareto front. The nadir objective vector is: 

     Equation (2) 

 And the ideal objective vector is: 
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          Equation (3) 

The nadir and ideal objective vector define the upper and lower boundaries for the values of 

Pareto optimal solution respectively. So, the Pareto optimal solution is not a specific value, it is a 

numerical interval. The solution of computing this interval is explained in the next sub-chapter. 

3.2. MOP in the precision farming system 

With the precision farming system, the farmers could carry on the agricultural missions by 

using the automatic agricultural machineries, such as unmanned aerial vehicles (UAV), harvesters, 

transporters and etc. Each agricultural mission has certain requirements and each machinery has 

specific capabilities. For example, some UAVs are equipped with digital cameras and can 

complete a monitor mission, some UAVs are equipped with sprayers and can complete a pesticide 

spraying mission, and the harvesters are equipped with sickles and can harvest the mature crops 

[65]. 

Mission planning is a multi-objective optimization problem in the precision farming system. 

The completion of the mission is evaluated by several criteria, such as completion time of the 

mission, energy consumption and equipment loss of the agricultural machineries. If the farmer 

wants to finish the agricultural mission in a short time, though the completion time is decreased, 

the energy consumption and equipment loss of the robot may be increased. If the farmer wants to 

finish the mission with a low energy consumption, the completion time of the mission has to be 

increased. The evaluation criteria in the precision farming system are treated as the optimization 

objectives. In this paper, how to compute the Pareto optimal solution for the precision farming 

system is studied. This Pareto optimal solution enables the system to achieve a balanced 

performance in all evaluation criteria.  

In order to define the multiple objective functions, a target allocation matrix is given in 

advance. It is assumed that the number of agricultural machineries is N, {V1, V2, … , VN}, and the 

number of Target is M, {T1, T2, … , TM}. The target allocation matrix, X N*M is defined as follow. 

               Equation (4) 

In the above equation, i=1, 2, … , N and j=1, 2, … , M. The target allocation matrix represents 

that whether an agricultural machinery is assigned with a target or not. 
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Afterwards, the multiple objective functions of the precision farming system are defined in 

the following sub-chapters. There is a total objective consisting of the beneficial function and cost 

function. 

3.2.1. Objective beneficial function 

Before accepting or refusing the assigned mission, the agricultural machineries have to 

calculate the economic benefits. If the calculation results are greater than the expected values, the 

agricultural machineries shall consider to join the corresponding coalition to carry on the mission. 

If the calculation results are lower than the expected values, the agricultural machineries have the 

option to refuse join the coalition. The objective beneficial function is defined as follow: 

1
( ) *j j

M

j
B X P




                        Equation (5) 

In the above equation, the parameter of πj is the probability function of handling with the 

target Tj, and Pj is the target priority.  

The probability function of handling the targets, πj, is defined as follow: 

1

1 (1 * )
N

j ij ij

i

x P


                        Equation (6) 

In the above equation, the parameter of Pij is the efficiency function that agricultural 

machinery, Vi, handles with the target Tj.  

In the objective beneficial function, the target priority, Pj, is considered, representing the 

implementation orders by the agricultural machineries. The target with a higher priority will be 

implemented earlier. In this paper, the target priority is ranked by the number of tokens. The more 

tokens a target has, the higher priority it has.  

3.2.2. Objective cost function 

The objective cost function, one of the most important functions, should be taken into 

account. When the agricultural machineries perform the missions, they have to consume the fuels 

or batteries. Meanwhile, they will have some mechanical loss due to the equipment wear. 

Furthermore, the value of agricultural machinery itself should be considered, because it is not 

absolutely safe during the mission execution. There is a probability that the agricultural 
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machineries are damaged, for example, a UAV is hit accidently by a bird and then crashed, or an 

unmanned ground vehicle (UGV) is rolled into a canal. The value of an agricultural machinery is 

decided by the value of its equipment, like sensors, cameras, actuators and etc. The objective cost 

function is defined as follow: 

1
( ) *

M

i i i
i

C X V 


                      Equation (7) 

In the above equation, i  is the cost probability function of one agricultural machinery, 

i is the damage probability function and iV  is the value of the agricultural machinery. The 

parameter of iV  is related to the equipment of the robot. The cost probability function of one 

agricultural machinery is defined as follow: 

M

1
( )*= i j ij

j
L T xi



                      Equation (8) 

In the above function, Li(Tj) is the cost function of the agricultural machinery, when Vi  

perform the target Tj. The detail of the Li(Tj) is described as follow: 

, ,( ) ( )engCons equLoss time

ij ij ijLi Tj f C C C             Equation (9) 

In the above function, engCons

ijC  is the energy consumption of the agricultural machinery 

Vi when marching to the target Tj. equLoss

ijC  is the equipment loss of the agricultural machinery 

Vi when performing the target Tj. time

ijC is the shortest time of the agricultural machinery Vi that 

needs to reach the target Tj. In addition, the function f could be modified according to the specific 

requirement. 

3.2.3. Total objective function 

The total objective function is the ultimate criteria of the mission planning. The total 

objective function consists of the objective beneficial function and objective cost function. The 

total objective function is defined as E(X): 

( ) * ( ) * ( )E X B X C X               Equation (10) 
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In the above equation, the parameters of  and   represent the weights of objective 

beneficial function and objective cost function respectively. The Equation (10) can be simplified 

as follow: 

( ) ( ) ( )E X B X C X                 Equation (11) 

The Pareto optimal solution of the mission planning in precision farming system is 

represented as X*: 

* 1
max( )X E E

                    Equation (12) 

During the mission planning process, multiple targets may be assigned to a single agricultural 

machinery, a single target may be assigned to multiple agricultural machineries as well. For the 

purpose of balancing the payload, two constraints should be established as follow: 

max
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                     Equation (13) 

In the above equation, Nmax represents the maximum number of the agricultural machineries 

in a single target and Mmax represents the maximum number of the targets that assigned to a single 

agricultural machinery. 

For the stability of the precision farming system, the following constraint is established: 
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              Equation (14) 

In the above equation, the parameters of   and   represent the threshold of the system, 

which could be set by the expert or the user himself. 
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3.3. Common solution 

The MOP has been studied by lots of researchers for a long time, so various solutions have 

been developed in order to solve the MOP. Generally, there are two types of methods. The first 

one is based on linear objectives optimization. It turns the multiple objectives into a single 

objective by the linear weighted sum method, square weighting method and etc. However, this 

solution could not achieve a precise result when the system is dynamic and in large-scale. 

Furthermore, it can only figure out a single result, which is a valid solution among the non-inferior 

set. The computed result may not be the Pareto optimal solution. The second one is to compute 

the solutions in parallel based on computation intelligence. In computation intelligence, the most 

popular algorithms are generic algorithm (GA) and particle swarm optimization algorithm (PSO). 

These two algorithms are studied in this paper and explained in detail in the following sub-chapter. 

3.3.1. Genetic algorithm 

The genetic algorithm is proposed by David E Goldberg, based on biological natural 

selection and random searching of genetic mechanism. Differing from the traditional searching 

algorithms, the genetic algorithm starts the searching process from a randomly-generated initial 

set, called population. In the population, each individual is one solution, called chromosome. A 

chromosome is a chain of characters, such as a binary string. The process, which describes the 

evolutionary of the chromosomes, is called heredity. During each iteration, the fitness function is 

calculated to evaluate the performance of the current chromosomes. For the next iteration, a new 

generation of the chromosomes is born, called offspring. The new chromosomes are generated by 

the process of crossover and mutation from the previous chromosomes. In the new population, 

the chromosomes are selected according to the fitness function, which means that some bad 

chromosomes will be eliminated. The chromosomes with higher fitness value have a greater 

chance of the selection. The number of the population remains at a constant number after the 

process of the crossover or the mutation. Lastly, the population will converge on the optimal 

chromosomes after several iterations. This population may be the Pareto optimal or the Pareto 

sub-optimal. 

Overall, there are five basic elements worthy of consideration when designing the genetic 

algorithm. 

(1) Population and its size 
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A population consists of the chromosomes, and each chromosome is corresponding to a 

solution of the multi-objective optimization problem. The number of the chromosomes in the 

population is called the population size, which is usually a constant number during the whole 

iteration. Normally, the larger the population size is, the better performance will be achieved. 

However, a large population size always leads to costing too much computation time. So, the 

population size is usually set at 100 to 1000, according to the complexity of the problem. Under 

certain circumstance, the population size should fit with the iteration number in order to achieve 

better optimization result. 

(2) Gene representation 

In genetic algorithm, each chromosome consists of the genes. The gene should be encoded 

correctly, so that the gene representation could be corresponding to the optimization problem. 

The widely-used encoding methods are binary encoding, real encoding, integer encoding, 

character encoding and etc. Each encoding methods have their own advantages and are applicable 

to different scenarios. 

(3) Genetic operator 

A genetic operator, as the core of the genetic algorithm, is a combination of crossover and 

mutation. In order to generate a new solution, a pair of “parent” solutions is chosen to produce a 

“child” solution. The child solution absorbs the merits from the parent solutions. And then, a new 

pair of parent solutions is chosen to produce a new child until the population size is appropriate. 

During the process of crossover and mutation, the parameters, such as the crossover probability, 

the mutation probability and population size, should be carefully decided. Because these 

parameters have great influence on finding the Pareto optimal solution. 

(4) Selection method 

The success of a selection method relies on an appropriate fitness function. The fitness 

function is used to evaluate the quality of the current chromosomes. A chromosome with a great 

fitness value is highly possible to be selected as one of the parent solutions. Some selection 

methods rank the fitness of each chromosome and select the optimal ones. However, such process 

is quite time-consuming and requires a strong computation capability. So, some other selection 

methods just rank certain samples, which are randomly selected from the population. This process 

may not ensure to find the optimal ones, but it has a high efficiency than the previous method. 

(5) Termination 
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The process of crossover and mutation repeats over and over until the termination condition 

is reached. Usually, the process is end due to the optimal solution is found or the maximum 

number of the iteration is reached.  

The pseudo code of the genetic algorithm is given as follow [43]. 

Algorithm: Genetic algorithm 

1. Begin 

2. Parameter (populationSize, crossoverProbability, mutationProbability) 

3. t = 0; 

4. Initialize_Population (P(0)); 

5. Evaluate_Population (P(0)); 

6. Repeat; 

7. P’(t) = Select_Population(P(t)); 

8. Crossover(P’(t)); 

9. Mutation(P’(t)); 

10. Evaluate_Population(P’(t)); 

11. P(t+1)=Select_Candidate_for_Next_Population(P(t), P’(t)); 

12. t = t + 1; 

13. Until a termination condition is reached; 

14. End. 

 

In the above pseudo code, the functions “Crossover” and “Mutation” simulate the breeding 

process of generating the population. The function “Select_Candidate_for_Next_Generation” 

represents the process of selecting the qualified chromosomes. 

The easiest crossover method is to randomly select certain breakpoints from the pair of parent 

chromosomes, and then exchange the right fragments of the breakpoints in order to generate two 

new child solutions. This method is particularly applicable to the binary encoding. The 

performance of GA relies on the efficiency of the crossover method. A higher crossover 

probability may reach a wider solution set and reduce the probability of stopping at the non Pareto 
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optimal solution. However, if the crossover probability is too high, the crossover process may 

waste too much time on searching unnecessary solutions, leading to longer computation time. 

The mutation process is a basic computation and its purpose is to change the fragments of 

the chromosomes randomly. The easiest method is to replace one or several fragments of the 

chromosomes. In the GA, the mutation process is able to provide the initial population with new 

fragments or trace back the fragments which are lost during the selection process. The purpose of 

the mutation process is to add new fragments into the population. During the mutation process, if 

the mutation probability is too low, some useful fragments may not have the chance to be selected. 

If the probability is too high, the child solutions may not keep the excellent characteristics which 

inherited from the parent solutions.  

Overall, the GA has the capability of finding the Pareto optimal solution, so it is applicable 

to solve out the MOP [65-67]. 

3.3.2. Particle swarm optimization algorithm 

Inspired by the bird behaviour of foraging, Kennedy J and Eberhart RC developed the 

particle swarm optimization algorithm (PSO) in 1995. On the contrary to the genetic algorithm, 

the PSO does not depend on the genetic operator, such as the crossover and mutation. The swarm 

consists of plenty of particles. The PSO relies on the communication of these particles in order to 

revolutionize together. These particles have the capability of recording their own best known 

positions, and comparing the local best positions with the global best position. After finding a 

better position, a particle would adjust its route and gather towards to the global best position. In 

the MOP, a global best position represents the optimal value of the fitness function. And this 

optimal value is the Pareto optimal solution. During the optimization process, the movement 

trajectory of the particles is more or less similar in Figure 13. 

 

Figure 13. The movement trajectory of the particles 

Here are some parameters defined for further explanations. 
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It is assumed that in a D-dimensional space, there is one swarm consisting of m particles. 

The position of the ith is represented as Xi = (Xi1, Xi2, Xi3, … , XiD). The velocity of the ith is 

represented as Vi = (Vi1, Vi2, Vi3, … , ViD). The local best position is represented as pbesti = (Pi1, 

Pi2, … , PiD). The global best position is represented as gbesti = (g1, g2, … , gD). 

 The equation for updating the particle’s velocity is defined as follow: 

1 1

1 21 2* * *( ) * *( )k k k k k k k
pbestid id gbestid idid id idV W V C Cr P X r P X 

       Equation (15) 

 In Equation 15, the parameter V represents the velocity and X represents the current position. 

The parameters of C1 and C2 represent the learning factors, aiming at adjusting the learning step 

length. The parameters of r1 and r2 represent random values, taking from the interval [0, 1]. The 

purpose of these two parameters is to increase the randomness of the searching area. The 

parameter of W represents the weight and has the value within the interval [0, 1]. This parameter 

aims at adjusting the searching area of the solutions.  

 The flow chart of the PSO is shown in Figure 14.  

 

Figure 14. The flow chart of the PSO 

The PSO algorithm is based on the group intelligence and computes the Pareto optimal 

solution by the cooperation of each particle. Compared with other evolutionary algorithms, the 

PSO algorithm has a higher efficiency and is applicable to solve out the MOP [68-69]. 
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3.3.3. Feasibility of merging the GA and PSO 

Both the genetic algorithm and the particle swarm optimization algorithm have merits and 

demerits. So, an improved algorithm, called the GAPSO, for computing the Pareto optimal 

solution could be developed by merging the merits of both algorithms. Before merging the GA 

and PSO, it is essential to analyse these two algorithms [70]. 

The merits of the GA could be summarized as follow. 

(1) The GA does not require a precise mathematical model, because the GA does not need 

to know the detail of the optimization problem. The characteristics of evolutionary allows the GA 

to handle with the objective functions and constraints in any format.  

(2) The traditional optimization method always compares two neighbour values in order to 

achieve the solution convergence. However, the genetic operators of the GA search all the 

dimension for the global optimal solution. 

(3) Within the GA, several generations could be constructed at the same time, which means 

that the computation process could be distributed and ran in parallel. Furthermore, since several 

generations could be constructed, it is possible to extend the GA and merge it with other 

algorithms for the purpose of increasing the performance. 

The demerits of the GA could be summarized as follow. 

(1) The coding process of the GA is complex, because it is necessary to find a suitable 

encoding method to encode the problem. After finishing the computation, the result has to be 

decoded for readability. 

(2) The crossover probability and mutation probability have great influence on the 

performance of the GA. In recent research, these probabilities are set according to the experts’ 

experience. This could lead to longer computation time for finding the Pareto optimal solution in 

specific application background. 

(3) The performance of the GA replies on the initial population. If the initial population is 

generated in bad quality, it may lead to longer time for the process of the crossover and the 

mutation in order to generate qualified child solutions. 
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The merits of the PSO could be summarized as follow. 

(1) The performance of the PSO does not rely on the initial population. No matter how many 

particles in the initial swarm, the performance of the PSO remains steady. 

(2) The particles have a memory storage where stores historical local global best position. 

Furthermore, the particles could learn from the experience and adjust the searching strategy for a 

quicker convergence to the Pareto optimal solution. 

(3) The coding process is much easier than that of the GA, because the PSO does not have 

the process of the crossover and mutation. The particles in the swarm only control their velocity 

and flying direction during the searching process. This method is based on the velocity-movement 

model.  

The demerits of the PSO could summarized as follow. 

(1) The searching process may be easily trapped at a local best solution and stop to searching 

the global best solution. This is due to the inappropriate settings of the parameters in the velocity 

updating equation.  

(2) The convergence speed is slow in the later stage and the quality of the convergence lacks 

of the precision.  

(3) The PSO requires a precise mathematical model, which means that the PSO needs to 

understand the detail of the optimization problem. Each parameter should be exactly 

corresponding to the objectives of the problem. 

After analysing the merits and demerits of the GA and PSO, the common grounds and 

differences of both algorithms are concluded. Both in the GA and PSO, the initial population is 

generated randomly. Then, the candidate solutions are evaluated by the fitness function in both 

algorithms. Lastly, the termination condition is almost the same. However, the PSO does not have 

the process of the crossover and the mutation. Comparing with the GA, the PSO has a different 

method of sharing information. In the PSO, all the particles are gathering towards to the global 

best position. The local best positions are only stored by the particle itself and will not be shared 



 

 

 

56 

with other particles. However, in the GA, the chromosomes share all the information with each 

other, not only the useful fragments, but also the useless fragments. 

In order to merge the GA and PSO, several parameters should be modified in advance. These 

modifications also help the GAPSO to achieve better performance. 

Firstly, the weight in velocity updating equation has a great influence on the searching 

capability of the particles and the convergence speed of the PSO. A higher weight has the 

advantage of increasing the capability of searching the global best position, however, it may 

decrease the capability of searching the local best position. A lower weight has the advantage of 

finding a precise optimal position, but it may cost longer computation time and decrease the 

convergence speed. So, it is necessary to use a dynamic weight in order to achieve a balance 

between the searching capability and the convergence speed. The proposed dynamic weight 

updating equation is as follow: 
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      Equation (16) 

In Equation (16), Wmax is the maximum value of the weight and Wmin is the minimum value 

of the weight. Normally, Wmax is 0.9 and Wmin is 0.4. The parameter of f represents the current 

fitness value. The parameter of favg and fmin represents the current average fitness value and the 

minimum fitness value respectively. 

Secondly, the learning factors, C1 and C2, have influence on the movement trajectory of the 

particles. If C1 and C2 choose the inappropriate values, the particles may wander in a local area 

and converge to a small value in local area. So, choosing appropriate values for the learning 

factors helps the PSO to achieve a better convergence precision and increase the searching 

capability. A dynamic learning factor updating equation is proposed as follow: 
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In the above equation, the parameters of C1,s and C2,s represent the initial value of the learning 

factors. The parameters of C1,e and C2,e represent the value in current iteration. The parameter of 

t represents the current iteration number. The parameter of tmax represents the maximum iteration 

number. Normally, under the circumstance of C1,s = C 2,s = 2.5 and C 1,e = C 2,e = 0.5, a good 

performance will be achieved. 

Thirdly, the crossover and mutation are the key processes of generating new child solutions 

in the GA. These two processes could be introduced into the PSO in order to avoid the early 

convergence and help the particles to jump out of the local best positions. If the crossover 

probability and mutation probability are fixed values, it may not ensure to find the global optimal 

solution. So, a set of dynamic crossover and mutation probability updating equations is proposed 

as follow: 
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       Equation (18) 

In the above equation set, the parameters of Pc1 and Pm1 represent the maximum values of 

the crossover and mutation probabilities. The parameters of fmax and favg represent the maximum 

fitness value and average fitness value respectively. The parameters of f’ and f represent the fitness 

value of the local best solution and current solution respectively. Normally, under the 

circumstance of Pc1 = 0.9, Pc2 = 0.6, Pm1 = 0.1 and Pm2 = 0.001, a good performance will be 

achieved. 

The detail of the GAPSO is illustrated as follow. 

Step 1: Initialize the parameters of the GAPSO and generate a swarm with m particles. Each 

particle has a starting position and velocity. 
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Step 2: Compute the fitness values of the particles according to the fitness functions. The 

global best position and local best positions are chosen based on the evaluation of the fitness 

values. 

Step 3: Update the weight and learning factors according to the Equation (16) and (17). 

Step 4: Update the positions and velocity of the particles according to the Equation (15). 

Step 5: Compute the fitness values of the particles according to the fitness functions. The 

global best position and local best positions are updated with new ones. 

Step 6: Compare the fitness values of the particles and choose the particles to presume the 

crossover and mutation processes in order to generate new particles. 

Step 7: Compute the fitness values of the particles according to the fitness functions. The 

global best position and local best positions are updated with new ones. 

Step 8: If the termination condition is reached, obtain the output. If not, then turn back to 

Step 2 and start the next-round iteration.  

3.4. Summary 

    In chapter 3, the multi-objective optimization problem in the general scenario is introduced, 

and then, the MOP in the precision farming system is explained.  

The optimization objectives of the precision farming system is defined as the objective 

beneficial function, the objective cost function and the total objective function. The objective 

beneficial function concerns the economic benefits after the completion of the mission. The 

objective cost function concerns the energy consumption, equipment loss and completion time of 

the mission. The total objective function takes the former two functions into account and allocates 

different weights to them. The total objective function is the ultimate criteria of the precision 

farming system. 

Afterwards, two algorithms, the GA and PSO, are introduced in order to solve the multi-

objective optimization problem. The principles of these two algorithms are explained in detail.  

Lastly, the merits and demerits of the GA and PSO are summarized. Their common grounds 

and differences are also analyzed. This paper proposes an algorithm called GAPSO, based on the 

merits of the GA and PSO, in order to solve the MOP more efficiently.  
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4 Mission planning 

approach in 

precision farming 

system 
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4.1. Precision farming model 

    In the real world, the precision farming model should consider two main models, including 

the agricultural machinery models and target models. The agricultural machinery could be a UAV 

or a UGV. The target model depends on the pre-defined missions in the precision farming system.  

 In this chapter, A UAV model and a common target model is presented. The UGV model 

may be developed similarly, referring to the implementation of the UAV model. The specific 

target model may be developed based on the common target model. In this paper, all the models 

developed in the precision farming system is written by the programming language Python. In 

addition, these models could be implemented by other methods in different platform, such as the 

ontology model written in Protégé, the Simulink model in MATLAB and etc. 

4.1.1. UAV model 

Each UAV is an agent in the precision farming system and has certain attributes. In the 

Python code, these attributes are stored in an array called “UAV_msg”. The detail in the array is 

listed in the following table. 

Table 2. The content in the array “UAV_msg” 

Position in the array Content 

[0:1] self.site 

[2] self.phi 

[3] self.v 

[4] self.r_min 

[5] self.detect_scope 

[6] self.resource 

[7] self.priority 

 

In the above table, the attribute of “self.site” represents the current position of the UAV, 

“self.phi” represents the current heading angle, “self.v” represents the velocity of the UAV, 

“self.r_min” represents the minimum radius of turning around, “self.detect_scope” represents the 

searching radius of the UAV, “self.resource” represents resource carried by the UAV, and 

“self.priority” represents the orders of handling the targets, measured by the number of the tokens. 
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In addition, three extra attributes should be defined. The attribute of “self.path” indicates the 

historical flying path of the UAV, “self.planning_path” indicates the flying path in the future, and 

“self.condition” indicates the status of the UAV. There are three types of the status in the UAV 

and they are shown in Figure 15. 

 

Figure 15. The three statuses of the UAV 

The first status is called “not being activated”, representing that the UAV does not receive 

any commands and is not being used right now. The second status is called “executing the 

mission”. When a UAV receive a direct command, it will turn the status from type 1 into type 2. 

After finishing the mission, the UAV will turn its status back to type 1. The third status is called 

“handling the border”. Since the farming land is an area with certain size, such as 100 meter times 

100 meters (an area of 10,000 m2), the UAVs cannot fly beyond this range. When a UAV reaches 

one of the borders, it will turn its status into type 3 and then run the border handling function in 

order to avoid flying beyond the border. After handling the border problem, the UAV will turn its 

status back to type 1 or type 2 depending on the previous status. 

 Each UAV has the following functions: 

 

Figure 16. The functions of the class “UAV_msg” 

 Six functions are defined in the UAV model, which are represented in Figure 16. The 

function, “init__(self, msg)”, initializes the parameters of the UAV described in Table 2. The 

function, “move”, is used to assert the current position of the UAV into the path array and move 

to the next position. The function, “searching_target”, is used by the UAV to determine whether 
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there is a target in the current range. The function, “border_process”, is used to handle the border 

problem. The function, “cal_border_radian”, is used by the UAV to calculate the turning angle 

and radian. The function, “border_path_plan”, is used to store the planning flying path in order to 

avoid flying beyond the border.  

 In the precision farming system, the models of other agricultural machineries could be 

developed in Python, similarly as the UAV model. So, other agricultural machinery models will 

not be described in this paper. 

4.1.2. Target model 

Each target in the precision farming system has its own attributes. In the Python code, these 

attributes are stored in an array called “Target_msg”. The detail in the array are listed in the 

following table. 

Table 3. The content in the array “Target_msg” 

Position in the array Content 

[0:1] self.site 

[2] self.resource 

[3] self.priority 

 

 In the above table, the attribute of “self.site” represents the position of the target, 

“self.resource” represents that the quantities of resources are needed, “self.priority” represents the 

priority of the target. The target with the higher priority will be handled first. In addition, the 

target model has an attribute called “Targets_condition”, representing that whether the target is 

handled completely or not. If the status of the target is type 0, it means that the target is handled 

completely. If the status of the target is type 1, it means that the target is not handled completely. 

 The target model described in this sub-chapter is a general model in the precision farming 

system. In the real world scenario, the target model varies from different specific missions. For 

example, several UAVs are performing a monitoring mission on the livestock, random 

movements should be added into the target model, because the livestock may move around in the 

farmland. In another case, several UAVs are performing a selective harvesting mission, the 

general target model is applicable. The selective fields have the coordinates to represent the 

locations, and required resources are indicated in the array “Target_msg[2]”. The harvesting order 

of the selective fields are marked by the priority in the array “Target_msg[3]”. 
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4.2. Mission pre-processing 

    After the precision farming system establishes a mission, there are several steps needed to 

be done before assigning the mission to the agents. The first step is to decompose the mission into 

several tasks. And then the second step is to sort these tasks by the priority. The last step is to start 

a negotiation process between the agents in order to achieve the optimal performance of the 

precision farming system. 

4.2.1. Mission decomposition 

When a single agent is unable to finish the complete mission individually, then this mission 

has to be decomposed into several sub-missions, called tasks. These tasks could be carried on by 

several agents cooperatively.  

In the multi-agent system, there are two general ways to decompose the mission: centralized 

decomposition and distributed decomposition [71-72]. 

The centralized decomposition is usually implemented by the approaches of pre-allocation 

or Trader allocation. The approach of pre-allocation decomposes the mission according to fixed 

principles defined by the users. The approach of Trader allocation decomposes the mission 

according to the capability list of the agents. However, these two approaches are lack of flexibility 

and cannot adapt to the dynamic environment. So the centralized decomposition is not applicable 

to the precision farming system. 

The distributed decomposition is usually implemented by the approaches of contract net 

protocol (CNP) or acquaintance coalition network (ACN). The approach of CNP avoids the 

conflicts of the tasks during the mission decomposition process. The CNP decomposes the tasks 

through communications within the multi-agent system. The approach of ACN decomposes the 

mission by searching capability matrixes. For example, a capability matrix is shown as follow: 
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Figure 17. An example of the capability matrix 

In Figure 17, each agent has its own capability matrix, not only storing the capability of itself, 

but also the capability of the known acquaintances. If the corresponding number of the task is 

value 0, it means that this agent is unable to finish such task, otherwise, the agent is able to finish 

such task. In the capability matrixes, for example, agent A knows the capabilities of agent B and 

C, agent C knows the capabilities of agent A and D, agent E knows the capabilities of agent A 

and C. Meanwhile, agent A is able to perform the task T3, but unable to perform the task T1 and 

T2. Agent B is able to perform the task T1, but unable to perform the task T2 and T3. So, the 

mission could be decomposed by the task requirement.  

In this paper, a specific mission, called pesticide spraying mission, is designed for verifying 

the effectiveness of the system in Chapter 5. The pesticide spraying mission requires several 

UAVs to spray the pesticides to the corresponding farming fields. Each UAV may load different 

types of the pesticides and each farming field requires different pesticides because of various 

diseases. So, this mission is decomposed into several tasks based on the required pesticide types. 

For instance, the capability matrix of the UAVs are shown as follow: 

 

Figure 18. The capability matrixes of the UAVs in the precision farming system 

As is shown in Figure 18, the pesticide spraying mission decomposes into four tasks 

according to the required pesticide types. The capability of each UAV is also indicated in the 

matrixes. So, the task of pesticide spraying for the field1 may be performed by the UAV B, C, D 

and E. The task of pesticide spraying for the field2 may be performed by the UAV A and C. The 

task of pesticide spraying for the field3 may be performed by the UAV E. The task of pesticide 

spraying for the field4 may be performed by the UAV A, D and F. As is stated in the previous 

chapter, a single agent can take over several tasks at the same time, meanwhile, a single task can 
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be performed by several agents at the same time. The result of such mission decomposition could 

be viewed as follow: 

 

Figure 19. The view of one possible mission decomposition result 

The above figure illustrates one possible mission decomposition result, each UAV selects 

the field to perform the pesticide spraying task based on their own capability matrix. The field1 is 

selected by the UAV B and D, the field2 is selected by the UAV C and D, the field3 is selected by 

the UAV E and the field4 is selected by the UAV A and F. In this case, the UAV D takes over two 

tasks. The UAV D performs the task in field2 first and then field1.  

The mission decomposition process is able to decrease the complexity of computing the 

Pareto optimal solution in the later stages. Because the mission is decomposed into several tasks 

and the GAPSO only needs to compute the Pareto optimal solution for each task.  

4.2.2. Task sorting 

In the most task sorting cases, several approaches are used to decide the priority of the tasks, 

such as earliest deadline first (EDF) and least slack first (LSF) [73-74]. Normally, the priority of 

the tasks is decided by several parameters, such as the deadline, spare time, task importance and 

etc.  

To keep it simple, in the precision farming system, the priority of the tasks is sorted by the 

number of the tokens. The task can be defined by the target model. In the chapter 4.1.2, the target 

model has the attribute, “self.priority”. The target with more tokens has the higher priority and 

will be handled first. A target list defined in a certain mission is shown as follow: 
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Figure 20. A target list defined in a certain mission 

As is shown in the Figure 20, the last parameter in each row represents the priority of the 

tasks. If one of the UAVs selects the target1 and target3 in this list at the same time, this UAV will 

handle the task3 in the first place, and then handle the target1. Before the completion of handling 

the targets with higher priority, the targets with lower priority cannot be handled.  

In the Python code, after determining the targets, a sorting function is called in order to decide 

the priority of these targets. 

 

Figure 21. Calling for the sorting function in Python 

4.2.3. Negotiation process 

The communications in the multi-agent system enables the agents to negotiate with each 

other in order to select the appropriate targets. The capability of negotiation is one of the key 

characteristics of the intelligent agents. Nowadays, several approaches are used in the negotiation 

process, such as the auction mechanism, cooperative game theory, non-cooperative game theory 

and etc. In this paper, the negotiation process is designed by the approach of auction mechanism.  

The auction mechanism is widely used in the multi-agent system for the purpose of task 

assignment and resource allocation. One of the most famous approaches is called CNP-based 

auction. In the precision farming system, the general procedure of the auction mechanism is stated 

as follow. The captain agent, as the host of the auction, announces that the auction begins and 

generates the auction order of each agent. Then, each agent offers a bid on the targets based on 

certain constrains and the expected benefits. After one round of the auction, each agent obtains 

the expected targets and forms a coalition to execute the tasks cooperatively. It means that a 

solution of the multi-optimization problem is generated. However, this may not be the Pareto 
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optimal solution, so, the auction starts another round for the purpose of searching for a better 

solution. Once the deadline is reached or the Pareto optimal solution is found, the auction 

procedure is end.  

During the process of bidding the offers, the agent should follow the objective beneficial 

function and objective cost function, which are defined in the chapter 3.2. The pseudo code of the 

negotiation process is shown as follow: 

Algorithm: Negotiation process 

1. Begin 

2. target_List = targets_Msg(coordinates, needed_Resource, priority)); 

3. agent_List = agent_Msg(coordinates, phi, v, r, s, resource, priority); 

4. while (the Pareto optimal solution is not found or the deadline is not reached): 

5.     round = 0; 

6.     For i in range (0, N): 

7.         For j in range (0, M): 

8.             Agent[i] computes E(X)[j], the total objective function; 

9.             Agent[i] generates mwt_List[i], the most-wanted target list; 

10.         End for; 

11.     End for; 

12.     bidding_List = random_List(); 

13.     For i in bidding_List: 

14.         Agent[i] offers the bid; 

15.         Agent[i] broadcasts its selection; 

16.         if (k > i): 

17.             Agent[k] updates E(X) by E(X)new = (1 - Pij) * E(X)old; 

18.         End if; 

19.     End for; 
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20.     For j in range target_List: 

21.         auction_Host calculates E(X)[j]; 

22.     End for; 

23.     auction_Host accepts the bids and obtains the solution; 

24. End while; 

25. End. 

 

 As is stated in the previous chapter, a target may be selected by multiple agents. During the 

bidding process, the auction host receives all the bids from the agents for one target until the 

needed resources are enough. After receiving the bids, the auction host calculates the 

comprehensive benefit of the agent cooperation on this target and records this benefit for further 

comparison. If the value in the next-round auction is greater than the recorded benefit, the new 

value will replace the recorded one, which means that a better solution is found. Meanwhile, a 

single agent could offer the bids to multiple targets, as long as it fulfils the capability requirement 

and it has enough resources to execute multiple tasks. However, the agent should offer the bid 

according to the most-wanted target list. For example, if an agent has remaining resources after 

offering the bid to the first target in the most-wanted target list, it could offer a bid to the second 

target in the most-wanted target list and so on.  

 The negotiation result is mainly decided by the benefit calculations from the auction host, 

not the bidders. Because, considering the communication cost and data management, it is difficult 

to distribute the calculations into multiple bidders. It is better to centralize the bids and perform 

the calculations by the auction host. 

4.3. Task assignment 

    After the stage of pre-processing, the assigned mission is decomposed into several tasks and 

each task is taken over by one or several agents. In this ssection, the task assignment process is 

explained in detail, including the UAV coalition mechanism, status of the UAV and mission re-

planning strategy. 
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4.3.1. UAV coalition 

In the precision farming system, the formation of the UAV coalition is computed by the 

GAPSO. As is stated in the chapter 4.2, the auction host receives the bids for the targets from all 

the bidders. Based on the calculation result of the expected benefit, the auction host selects the 

appropriate candidates to form a coalition for the purpose of performing such task cooperatively. 

The essence of the coalition formation is to find the optimal solution of assigning the tasks in 

order to achieve higher economic benefit.  

Before running the GAPSO algorithm to calculate the Pareto optimal solution of the UAV 

coalition formation, the arrival time of reaching the target should be calculated first. The arrival 

time is calculated based on the parameters of the current heading angles, radian, coordinates of 

the target and velocity. So, the function “Arrival_time” is defined in Python as follow: 

 

Figure 22. The function “Arrival_time” defined in Python 

So far, all the needed parameters for running the GAPSO are already prepared to use, 

including the target, UAV candidates and arrival time. Then, the precision farming system calls 

the function “cal_GAPSO” shown as follow: 

 

Figure 23. The function “cal_GAPSO” defined in Python 
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As is shown in Figure 23, the function “cal_GAPSO” firstly specifies the number of iteration 

and initializes the parameters. During the iteration, some of the particles are randomly selected to 

be the parents and perform the crossover and mutation process in order to generate the children. 

Afterwards, the fitness value of each particle is calculated and compared in order to generate the 

Pareto list. The solution in the first position of the Pareto list is the Pareto optimal solution and 

will be applied to the precision farming system.  

4.3.2. Executing the assigned task 

After forming the UAV coalition, the task is assigned to each UAV. Once the assigned task 

is received by the UAV, it should turn its status to type 2 (executing the mission) and plan the 

flying path to the target. The following figure shows the reaction of the UAV. 

 

Figure 24. The reaction of the UAV after receiving assigned task 

After receiving the assigned task, the UAV will first adjust its heading angle based on the 

calculation of current heading angle and minimum turning radius. The heading-angle adjustment 

and path planning are done by calling the function “Path_plan”. The function “Path_plan” is 

shown as follow: 

 

Figure 25. The function “Path_plan” defined in Python 

In this function, the time of adjusting heading angle is calculated and the shortest path is 

planned. So, the UAV just needs to follow the planned path and fly to the target to execute the 
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task. After completing the assigned task, the UAV should turn its status to type 1 (not being 

activated).  

During the process of executing the task, if the UAV is about to fly beyond the border, this 

UAV should turn its status to type 3 (handling the border). Until completing the process of 

handling the border, its status should turn back to type 2 (executing the mission). 

4.3.3. Mission re-planning 

The precision farming system is a dynamic system due to three factors: new missions are 

established, agricultural machineries lose the capability of performing the on-going missions and 

the meteorological environment is changed.  

1) New missions are established. 

The administrators of the precision farming system have the permissions to establish new 

missions. For example, the precision farming system is carrying on a pesticide spraying mission. 

In this mission, there are four fields needed to be sprayed. During the run time, the administrators 

add two extra fields into the previous mission. So, now there are six fields needed to be sprayed. 

Or the administrators find that one of the fields does not need to be sprayed, so this field is 

removed from the task list. So, there are only three fields needed to be sprayed.  

2) Agricultural machineries lose the capability of performing the on-going missions. 

Assuming that several UAVs are carrying on a monitoring mission in the farming land, 

suddenly, one of the UAVs is hit by a bird and then crashed to the ground. Under such 

circumstance, the monitoring mission is impossible to be executed, following the original plan. 

Because one of the UAVs loses the capability of executing the mission and there is not enough 

resource. 

3) The meteorological environment is changed. 

When the mission is carrying on, the meteorological environment may be changed. For 

example, several UGVs are carrying on a selective harvesting mission. At the early time, the 

weather is sunny and the UGVs can work under good meteorological environment. At the middle 

of time, the weather becomes rainy and the UGVs have to work under a bad meteorological 

environment. In order to avoid the risk of working in bad environment, these UGVs have to work 

faster and complete the assigned mission in a shorter time. In the precision farming system, the 

corresponding parameter is the priority of the mission. So, the system will increase the priority of 

the mission. 
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The flow chart of the precision farming system with the mission re-planning is shown in the 

following figure. 

 

Figure 26. The flow chart of the mission re-planning 

The precision farming system checks the dynamics during the run time. If the situation 

changes, the system will be informed and start the auction for new missions. Once going back to 

the stage of auction, the rest of the procedures remains the same: the auction host receives the 

bids from all the agents and start the negotiation process, then, the agents form the coalition 

according to the Pareto optimal solution, afterwards, the agents in the coalition execute the 

assigned tasks until the completion. 

4.4. Summary 

    In the chapter 4, firstly, the UAV and target model in the precision farming system are 

proposed by the programming language Python. The parameters and functions are explained in 

detail. However, other agricultural machinery models, such as the UGV model, may refer to the 

UAV model. So, other models are not explained in this paper.  

 Secondly, the established missions are pre-processed by decomposing them into certain tasks. 

This decomposition enables to decrease the computation complexity and increase the efficiency 

of finding the Pareto optimal solution. After the mission decomposition, the distributed tasks are 

sorted by the priority. Then, an auction is hold, aiming at helping the agents to find the most 

appropriate targets for higher benefits.  

 Thirdly, the mechanism of the UAV coalition formation is introduced. The coalition is 

formed based on the computation result from the GAPSO. After forming the coalition, the UAVs 
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are deployed to complete the assigned tasks. Meanwhile, the mechanism of mission re-planning 

is designed for the robustness of the precision farming system. 
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5 Simulation 

results 
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5.1. Simulation design 

    The simulation is designed to perform a pesticide spraying mission in the precision farming 

system. Several UAVs are supposed to form a coalition to complete this mission cooperatively. 

The pesticide spraying mission requires the selected UAVs to spray the pesticide in specified 

areas. Meanwhile, each area may require different types and quantities of the pesticide. The 

payload of the pesticide is varied from different UAVs, for example, some of the UAVs have the 

capability of loading 20 kilograms of the pesticide, and some other UAVs can load 30 kilograms 

of the pesticide. Furthermore, each UAV may load several types of the pesticide. Two example 

tables, indicating the mission requirement and UAV status respectively, are given below to 

explain the simulation. 

Table 4. The requirement of pestcide spraying mission 

Field number 

Pesticide requirement 
Time 

requirement 
Coordinates 

Type Quantity (Kg) 

1 
P1 10 

Within 1 hour (X1, Y1) 
P2 15 

2 

P1 5 

Within 2 hours (X2, Y2) P3 10 

P4 5 

3 P3 20 Within 1.5 hours (X3, Y3) 

 

 As is shown in the Table 4, three farming fields are specified, where needed to spray the 

pesticide. The first field requires 10 kilograms of P1 and 15 kilograms of P2, the second field 

requires 5 kilograms of P1, 10 kilograms of P3 and 5 kilograms of P4, the third field requires 20 

kilograms of P3. Meanwhile, the pesticide spraying mission for the first field should be complete 

within 1 hour, and the time limitation for completing the mission for the rest fields is 2 hours and 

1.5 hours respectively. 

 Then, an example table of indicating the UAV status is given as follow: 
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 Table 5. An example of UAV status 

UAV number 

Pesticide loading status 

Battery remaining 

Type Quantity (Kg) 

1 

P1 8 

5 hours P2 20 

P4 3 

2 

P1 5 

7 hours P3 30 

P4 5 

3 P4 10 4 hours 

 

 The pesticide loading status and the battery remaining of the UAV are listed in the above 

table. These information is very important for the mission planning simulation. 

 Hence, there are three UAVs performing the pesticide spraying mission in three farming 

fields. Obviously, a single agent cannot complete such mission. So, the three UAVs have to form 

agent coalition to complete the mission cooperatively.  

 The above example is simply explained the simulation scenario for a better understanding. 

The simulation parameters are set in the next sub-chapter. 

5.2. Simulation parameters 

    The simulation environment is a square area, representing the farming land. The length and 

width of the simulation area are both 2000 meter. In this farming land, a pesticide spraying 

mission is established. This mission is decomposed into three tasks, which are to spray the 

pesticide in three specific areas. These three specific areas are regarded as the targets in the map. 

There are six UAVs in total to perform such mission. The initial position of the targets and UAVs 

are shown as follow: 
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Figure 27. The initial position of the targets and UAVs 

 The initial parameters for the three targets, including the coordinates, required resources and 

priority, are indicated in the following table: 

Table 6. The parameters of three targets 

Target Coordinates Required resources Priority 

T1 (-350, -200) [3, 5, 4] 3 

T2 (-600, 500) [3, 1, 2] 2 

T3 (0, 100) [0, 0, 1] 1 

 

In Table 6, the coordinates indicate the location of the specified farming fields. The required 

resources represent the required pesticide types and quantities. In this simulation case, the first 

farming field requires three units of P1, five units of P2 and four units of P3. The second farming 

field requires three units of P1, one unit of P2 and two units of P3.  
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 The initial parameters for the six UAVs, including the coordinates, velocity (v), heading 

angle (phi), minimum turning radius (r), maximum detection distance (s), loaded resources and 

priority, are indicated in the following table: 

Table 7. The parameters of six UAVs 

UAV Coordinates phi v r s 
Loaded 

resources 
Priority 

A1 (-100, -190) 20 23 90 300 [2, 2, 3] 6 

A2 (150, -50) 0 25 100 400 [2, 0, 1] 5 

A3 (900, 700) 70 25 100 300 [1, 3, 2] 4 

A4 (-800, 800) 270 30 150 250 [1, 2, 1] 3 

A5 (-900, -600) 320 30 150 300 [1, 2, 0] 2 

A6 (30, 850) -30 25 130 250 [1, 1, 3] 1 

 

 In Table 7, for instance, the first UAV, A1, is located at (-100, -190) before the mission starts. 

It has an initial heading angle of 20 degree. Its fixed velocity is 23. Its minimum turning radius is 

90. Its searching scope is 300. It loads two units of P1, two units of P2 and three units of P3. So 

does the rest of the UAVs. 

 Regarding the parameters of GAPSO, including the population size (popSize), initial 

probability of crossover and mutation (Pc and Pm), weight (W) and learning factors (C1 and C2), 

are indicated in the following table: 

 Table 8. The parameters of the GAPSO 

popSize Pc Pm W C1 C2 

40 0.8 0.2 0.9 2.5 2.5 

 

Additionally, all the above mentioned parameters change according to the corresponding 

updating equations, which are defined in the chapter 3.3.3. Meanwhile, the number of iteration is 
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specified at 80. If the maximum iteration number is reached or the Pareto optimal solution is 

found, the simulation is over. 

Lastly, the simulation is performed on a Lenovo ThinkPad S2 laptop with “Intel(R) Core(TM) 

i5-6200U CPU @ 2.30GHz” and 8GB RAM, running a 64-bit Windows10 operation system. The 

Python version is “Python 3.6.3”. 

5.3. Results 

After running the python files in Python 3.6.3, the result is shown as follow: 

 

Figure 28. The overall simulation result 

 To observe the simulation result more clearly, the figure of overall simulation result is 

decomposed into several figures. Each decomposed figure represents a single agent coalition for 

executing one task.  
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Figure 29. The agent coalition for T1 

 

Figure 30. The agent coalition for T2 



 

 

 

81 

 

Figure 31. The agent coalition for T3 

 As are shown in the above figures, T1 is executed by the agent coalition of A1 and A3, T2 is 

executed by the agent coalition of A4, A5 and A6, and T3 is executed by A2 solo.  

 For the purpose of illustrating that the calculated Pareto optimal solution dominates other 

alternative solutions, this paper selects three evaluation criteria, the total flying distances of the 

UAVs, arrival time of the last UAV to the target and the iteration number. The Pareto optimal 

solution and compared alternative solutions are shown in the following table: 

Table 9. Different plans for executing the mission 

Target 

Solution 

T1 T2 T3 

Pareto optimal solution Coalition (A1, A3) Coalition (A4, A5, A6) A2 

Alternative solution 1 Coalition (A1, A3) Coalition (A2, A6) A4 

Alternative solution 2 Coalition (A3, A5, A6) Coalition (A1, A2) A4 

 

 Apart from the Pareto optimal solution, two alternative solutions are selected for the 

comparison. The evaluation result is shown as follow: 

Table 10. The evaluation for all the solutions 
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Criteria 

Solution 

Total flying distance Latest arrival time 

Pareto optimal solution 4261.90 51.61 

Alternative solution 1 6182.23 65.35 

Alternative solution 2 4534.65 63.47 

 

 From the above table, it is concluded that the Pareto optimal solution dominates the 

alternative solution 1 and 2 in all three evaluation criteria. Hence, the proposed mission planning 

approach is feasible to the precision farming system. 

5.4. Summary 

In this section, the simulation design and parameter settings are presented. A pesticide 

spraying mission is simulated, containing three targets and six UAVs. The simulation result of 

Pareto optimal solution is presented in several figures for a better understanding. 

For the purpose of illustrating the excellence of Pareto optimal solution, two alternative 

solutions are selected to compare with. All three solutions are evaluated in three criteria, total 

flying path, latest arrival time and iteration number. From the evaluation result, it is concluded 

that the Pareto optimal solution dominates the selected two alternative solutions. Hence, the 

proposed mission planning approach is feasible and effective.  
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6 Conclusions and 

future work
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6.1. Conclusions 

    This paper mainly studies the mission planning approach in the precision farming system and 

proposes the detailed procedures of the implementation. The key state of the arts in the precision 

farming system involves multi-agent system, agent coalition, multi-objective optimization problem and 

task assignment. The simulation of the proposed mission planning approach is verified in the Python 

platform. The work during my master period is now summarized as follow: 

(1) After studying the definitions and characteristics of the agents and multi-agent system, the 

architecture of the precision farming system is proposed. The precision farming system, as a multi-

agent system, has an improved federal architecture with three types of agents: the captain agent, sub-

captain agents and normal agents. The captain agent is responsible to coordinate the whole precision 

farming system and establish missions. The sub-captain agent is acting as the leader in the agent 

coalition and hold the mission auctions before assigning tasks to the normal agents. The normal agent 

is the task executor and has the duty of completing the assigned tasks. With such architecture, the 

precision farming system has the advantage of easy management, low cost, high efficiency, strong 

robustness and etc. 

(2) In the precision farming system, several objectives are defined mathematically: the objective 

beneficial function, objective cost function and total objective function. Regarding the mission planning, 

it is actually a multi-objective optimization problem. So, this paper analyses two widely-used 

algorithms, the genetic algorithm and particle swarm optimization algorithm, and proposes an improved 

algorithm called the GAPSO. The GAPSO takes the advantages of both algorithms and has the 

feasibility of solving out the multi-objective optimization problem. The detailed steps of the GAPSO is 

explained in this paper and verified in the simulation. 

(3) An agent coalition mechanism is proposed for the purpose of enabling the agricultural 

machineries in the precision farming to work cooperatively. After the establishment of certain missions, 

the agricultural machineries will communicate with each other in order to find an optimal solution to 

perform such missions. In the agent coalition mechanism, a negotiation process is carried on by the 

mission auction, aiming at distributing the benefits in a balanced way. The GAPSO is used to calculate 
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the best coalition for each task, and then this coalition is formed based on the computation result. Hence, 

the established missions can be executed with low cost and high efficiency.  

(4) The UAV and target model are proposed in this paper. Both models are implemented in the 

programming language Python and the belonging parameters are indicated. Meanwhile, the functions 

of each model are defined in detail for the further use in the simulation. Especially in the UAV model, 

this paper considers the situation that the UAV may fly beyond the pre-defined border, so, the function 

of handling the border is defined. In this function, it detects whether the UAV is about to fly beyond 

the border, then calculate the turning angle and radian to indicate a path of flying back. The calculation 

of turning radian is also used in UAV model when the UAV receives the assigned task and adjust its 

heading angle towards to the task location. Through the simulation, it is concluded that the proposed 

UAV and target models work properly and these models are good foundation for further development. 

(5) The proposed mission planning approach takes dynamic changes of the precision farming 

system into consideration. The dynamic changes include three situations: a) A new mission is 

established. b) One or several agricultural machineries loss the capability of executing the tasks. c) The 

meteorological environment changes. No matter which mentioned situation occurs, it will have 

influence on the precision farming system. As the requirement of the mission changes, the planned 

execution strategy should adapt to these changes by mission re-planning. In the mission re-planning 

mechanism, it triggers to start a new mission auction, aiming at re-assigning tasks based on the new 

situation. The proposed mission re-planning mechanism strengthens the robustness of the precision 

farming system. Hence, the system may work properly even when the dynamic changes occur.  

6.2. Future work   

In this paper, most of the work on the precision farming system focus on the theoretical study and 

simulation verification. Though the simulation result illustrates the feasibility of the proposed mission 

planning approach, it is more convincible if this mission planning approach is verified in the real 

scenario by deploying the real agricultural machineries in the farming fields. However, several works 

and study need to be done before the experiments. The future work is summarized as follow: 
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 (1) In this paper, it is assumed that all the agents in the MAS could communicate with each other 

successfully. Also, all the messages are sent and received correctly. However, this situation is not 

applicable to the real scenario. In the real scenario, due to the bad meteorological condition and noise 

disturbance, it happens that certain messages may be lost during the transferring process, or the agents 

may receive an incomplete message. So, the communication mechanism should be designed in the 

precision farming system. The communication mechanism ensures that the messages can be transferred 

properly in the precision farming system. Meanwhile, the communication cost should be added into the 

objective cost function, because the communication process obviously accounts for certain resources. 

In the precision farming system, various kinds of agricultural machineries are used to complete the 

assigned missions. These agricultural machineries are produced by different manufactures. So, they 

may not use the same communication languages. A common communication platform for all the 

agricultural machineries in the precision farming system should be taken into consideration to ensure 

that every agricultural machinery can communicate with each other successfully by using a universal 

communication language. 

 (2) The action sequences represent the performing order of the actions. For example, an UAV joins 

a coalition to perform a pesticide spraying mission. After receiving the assigned tasks, the first action 

of this UAV is to load all the needed pesticide into its storage box. The second action of this UAV is to 

fly over to the field. The third action of this UAV is to aim to the crops. The forth action of this UAV 

is to load the prepared pesticide into its sprayer. The fifth action of this UAV is to start spraying. The 

sixth action of this UAV is to stop spraying. The last action of this UAV is to fly back to the base. 

Obviously, action sequences vary from different agricultural machineries. It is necessary to define the 

sets of action sequences for all kinds of agricultural machineries. Each set of action sequences is specific 

to one kind of agricultural machinery. However, the only action defined in this paper is “Move”. 

Definitely, the action “Move” is not enough and cannot satisfy the requirement of the precision farming 

system. So, the full action sequences of each agricultural machinery should be defined in order to map 

the real scenario. Every agricultural machinery in the real scenario must follow the action sequences to 

perform the missions, otherwise, the agricultural machineries will operate in quite a mess. 
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 (3) In this paper, only UAV and target models are proposed. Though other agricultural machinery 

models, such as UGV model, are similar to the UAV model, it is necessary to define these models and 

simulate them to verify their usability in the precision farming system. Furthermore, a management 

module in the precision farming system should be considered to manage all the agricultural machineries. 

Besides, it is vital to add the communication module in the agricultural machinery model. Regarding 

the target model, this paper only introduces a general target model. In the real scenario, the target model 

may add or remove extra parameters due to the specific situations. Hence, the general target model 

should have enough interfaces, allowing users to modify the target model when it is necessary. After 

defining the models theoretically, the next thing is to apply the theory to the real scenario, to run the 

scripts on the real agricultural machineries. In this paper, both UAV and target models are defined by 

the programming language Python. In order to develop the Python codes running on the real agricultural 

machineries, it is necessary to port Python codes by using Micro Python. The syntax of Micro Python 

is almost the same as Python 3.* and has its own translator, interpreter, libraries and etc. Micro Python 

is now applicable to develop the agricultural machineries with ARM processors and Field 

Programmable Gate Array (FPGA). So, it is promising and feasible to test the proposed mission 

planning approach in the real scenario in the future. 

 (4) The proposed mission planning approach indicates that each agricultural machinery could take 

over several tasks at the same time, which means that a single agricultural machinery may join several 

agent coalitions at the same time. However, the proposed approach does not consider the conflicts 

between the tasks in different coalition. So, a global evaluation mechanism for the tasks priority in the 

negotiation process should be established for the purpose of avoiding the conflicts. In this global 

evaluation mechanism, all the tasks are sorted by the priority. Usually, the priority is ranked from 0 to 

9, 10 levels in total. The first five levels, from 0 to 4 are basic priority. Within these five levels, tasks 

with higher level will be executed in the first place, afterwards, tasks with lower level will be executed. 

The last five levels, from 5 to 9, are real-time priority. Tasks with real-time priority will be executed 

before the ones with basic priority. This mechanism is very useful when certain urgent tasks are assigned.  

In addition, the tasks in different missions with the same priority should follow certain principles, such 

as “First come, first serve.” or other negotiation solutions.  
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 (5) A credit evaluation mechanism should be taken into consideration. During the negotiation 

process, each agent is supposed to not only consider the benefit of itself, but also the benefits of other 

agents’. However, sometimes, certain agents are selfish and only consider their own benefits. They may 

maliciously occupy the resources and not share information with other coalition members. Under such 

circumstance, other agents are unable to compete these selfish agents in the auction process and no long 

receive any tasks due to lacking of resources. So, the credit evaluation mechanism is aim at supervising 

the behavior of each agent. When an agent is found to behave selfishly, then certain punishments should 

be established, such as forbidding this selfish agent bidding in the next-round auction. In addition, 

certain agents, who participated in the auction, cannot complete the assigned tasks due to mechanical 

failure. These agents should be punished, for example, their credits should be deducted by certain 

numbers. For these agents, who are able to complete the assigned tasks successfully, certain numbers 

of credits should be rewarded to them. In general, the credit evaluation mechanism ranks each agent’s 

reliability. The higher credit an agent has, the more reliable the agent is. It is vital to establish such 

credit mechanism to increase the robustness of the precision farming system. 

 (6) In the negotiation process, the auction mechanism is proposed in order to distribute the 

decomposed tasks to the robots. In this paper, the auction mechanism is based on English auction (EA), 

also known as open ascending bid (OAB). After a mission is established, all the auction candidates 

make the offers and the highest offer will be accepted. However, there are several types of auction, such 

as sealed-bid auction, the first-price sealed auction, Vickrey auction and etc. In the future work, the 

performance of these auction algorithms could be compared and improved, in order to find the most 

suitable algorithm to the precision farming system. Furthermore, it is possible to propose more 

mechanisms into the negotiation process, such as Nash bargaining method. The Nash bargaining 

method is based on the game theory, aiming at solving the multi-objective optimization problem by 

achieving a balanced Pareto optimal solution. By proposing more negotiation mechanisms, the precision 

farming system may be much more applicable to the real scenario and achieve better performance. 
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