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ABSTRACT 

 

Planning and control of unmanned vehicles play a major role in multi-vehicle systems 

since accomplishing challenging missions requires not only an extensive decision-making 

process but it also demands execution of those decisions based on the received information from 

multiple sensors.  In this dissertation, a simulation-based planning and control system is 

designed, developed and demonstrated for effective and efficient crowd surveillance via 

collaborative operation of unmanned aerial vehicles (UAVs) and unmanned ground vehicles 

(UGVs).  The dissertation research works involve three phases.  At phase one, a dynamic data 

driven adaptive multi-scale simulation (DDDAMS)-based planning and control framework is 

designed and developed, where the major components include 1) integrated controller, 2) 

integrated planner, 3) decision module for DDDAMS, and 4) real system.  Moreover, crowd 

detection, tracking, and motion planning modules are implemented in this framework to perform 

the crowd surveillance mission.  This framework adopts dynamic data driven application system 

(DDDAS) paradigm, where the integrated planner is invoked on a temporal or event basis to 

incorporate dynamic data from onboard sensors of unmanned vehicles into the simulation and 

select the best control strategy.  At phase two, a testbed is designed and constructed using agent-

based hardware-in-the-loop simulation, which involves various hardware components (i.e. real 

UAVs and UGVs containing onboard sensors and computers) and software components (agent-

based simulation and hardware interface).  The agent-based simulation, a major component of 

this testbed, is developed by modeling the behavior of the unmanned vehicles while utilizing the 

terrain elevation data obtained from GIS.  Moreover, a social force model is used to mimic the 

crowd dynamics in the simulated environment.  The constructed testbed is used to evaluate the 
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effectiveness and computational efficiency of the proposed planning and control framework.  At 

phase three, a team formation approach is proposed for allocating unmanned vehicles to different 

crowd clusters using their geometry and available number of resources based on two different 

criteria (i.e. overall coverage of all clusters and uniform assignment of resources among 

clusters).  This approach is used in crowd splitting scenarios when the crowd starts to divide into 

clusters, and the existing team of unmanned vehicles is not able to continue following all the 

clusters.  Moreover, control strategies for team formation, information aggregation, and motion 

planning of unmanned vehicles are introduced, and a method for determining the value of the 

control strategy parameter for the information aggregation of UAVs and UGVs is proposed.  In 

conclusion, we believe this work has a profound impact on both the research community and 

practitioners using unmanned vehicles. Also, the developed hardware-in-the-loop DDDAMS 

system has the potential to be deployed in real-world applications such as border patrol. 
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CHAPTER 1 

1 INTRODUCTION 

Unmanned vehicles are mobile robots with the capability of moving autonomously in the 

environment.  In recent years, the usage of these unmanned vehicles has been increased 

significantly due to the technology advancement in mobile devices such as smartphones and 

tablets as well as the introduction of low-cost sensors, communication devices, and computers.  

This growth trend is evidenced by the increasing number of research papers focusing on this 

topic.  Besides the military applications, lately these vehicles have found their way in an 

enormous number of civilian applications.  Disaster management, crop management, mapping, 

security, search, and rescue are a few examples of such applications.   

A major benefit of using unmanned vehicles is accomplishing hazardous missions 

without putting human lives in danger.  For instance, these vehicles can be used for disaster 

management as well as search and rescue to provide valuable information regarding the safety of 

the environment.  In addition, they can reduce the cost and time of various applications such as 

crop management, security, and mapping by decreasing the number of human resources.  

Moreover, collaborative unmanned vehicles can enhance an existing network of stationary 

sensors for surveillance and information gathering in a variety of applications involving highly 

broad areas such as border patrol, traffic control, public safety, and security watch.  

Table 1.1 summarizes a hierarchical structure of unmanned vehicles behaviors in combat 

applications at three different levels (i.e. high, middle, and low), where behavioral examples 

corresponding to each level (i.e. missions, tasks, and actions) are provided.  The classical and 

traditional missions of unmanned vehicles are mainly intelligence, surveillance and 

reconnaissance (ISR), while in recent years other missions (e.g. suppression) also start to 
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emerge.  Depending on different missions (e.g. surveillance vs. suppression), the associated tasks 

and actions can be different (e.g. track vs. attack).  This dissertation work focuses mainly on 

crowd surveillance mission via unmanned vehicles.  

 

Table 1.1: Hierarchy of unmanned vehicles behaviors in combat applications (Marsh, 2007) 

Hierarchy of unmanned vehicles 
behaviors Behavior examples 

High level (missions) suppress, negotiate, cooperate 

Middle level (tasks) 
avoid obstacle, collect information, attack, find 

other agents, assess bomb damage 

Low level (actions) 
change altitude, change speed, move in direction, 

call for reinforcement, accept task, leave 
pheromone, fire weapon, take photograph 

 

As discussed above, surveillance is one of the main missions of the unmanned vehicles.  

For example, considering the border patrol application, surveillance plays a vital role in securing 

the borders.  It was pointed out in Haddal and Gertler (2010) that the supplemental 

appropriations Bill of FY2010 have included $32 million for the new unmanned vehicles’ 

acquisition by US Customs and Border Protection (CBP) at the Department of Homeland 

Security.  Furthermore, by 2010 the usage of the unmanned vehicles has helped to seize more 

than 22,000 pounds of marijuana and 5,000 illegal immigrants (Haddal & Gertler, 2010).  

Surveillance using unmanned vehicles involves accomplishing various tasks such as 

region selection, searching, team formation, target detection, localization, tracking, coordination, 

and many more.  Moreover, multi-vehicle systems consisting of unmanned aerial vehicles 

(UAVs) and unmanned ground vehicles (UGVs) play a key role in performing successful 

surveillance missions due to their collaborative roles in gathering information.  UAVs flying at a 

high altitude have the capability of observing a larger area using their onboard camera in 
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comparison to UGVs moving on the ground and close to the targets.  On the other hand, the 

visual data captured from UAVs has a lower resolution in comparison to those from UGVs due 

to the long distance between the onboard sensors of UAVs and the targets on the ground.   

 

1.1 Problem Scope 

Crowd surveillance via UAVs and UGVs is a highly complex problem involving 

uncertainty.  The rapid change of crowd movement, inaccuracy of onboard sensors of vehicles, 

and imprecise modeling of the environment are a few sources of uncertainty and complexity in 

such multi-vehicle systems.  As mentioned in Bellingham et al. (2003), by increasing the level of 

autonomy in unmanned vehicles, new techniques of planning and control are needed to 

coordinate the achievement of goals between the aerial and ground vehicles.  Such planning and 

control techniques require incorporating the dynamic data obtained from the onboard sensors of 

vehicles.  Moreover, autonomous operation of UAVs and UGVs requires various algorithms to 

work effectively and efficiently in an integrated and coordinated manner.  While many studies 

were conducted in the context of detection of the crowd, tracking their movements, and 

determining an optimal path for unmanned vehicles, only a few have addressed the overall 

system framework to support these modules in a coherent manner.  

 

1.2 Research Goals 

The goal of this dissertation work is to design, develop, and demonstrate a simulation-

based planning and control system for effective and efficient crowd surveillance via 

collaborative operation of UAVs and UGVs.  For this purpose, a hardware-in-the-loop dynamic 

data driven adaptive multi-scale simulation (DDDAMS) system is introduced to address the 
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challenges mentioned in the previous section.  To this end, a framework consisting of an 

integrated controller, integrated planner, decision module for DDDAMS, and real system is 

proposed by adapting dynamic data driven application system (DDDAS) paradigm (Darema, 

2004).  Crowd detection, tracking, and motion planning modules are presented as three major 

tasks for performing crowd surveillance mission in both planning and control stages.  To 

evaluate and demonstrate the proposed framework, an agent-based hardware-in-the-loop 

simulation testbed is designed and implemented by integrating real hardware (UAVs and UGVs) 

and software (agent-based simulation and hardware interface) components.  An agent-based 

simulation, a major component of the testbed, has been developed in Java-based Repast 

Simphony®, which is integrated with geographical information system (GIS) and has the 

capability of receiving dynamic sensory data from real vehicles and sending back the generated 

control commands to them.   

 

1.3 Detailed Objectives 

To achieve the goals mentioned above, the following list of detailed objectives have been 

developed:   

• The first objective is to develop a dynamic data driven adaptive multi-scale simulation 

(DDDAMS)-based planning and control framework, where the major components 

include 1) integrated controller, 2) integrated planner, 3) decision module for DDDAMS, 

and 4) real system.  Fidelities are defined based on the collaborative role of aerial and 

ground vehicles for surveillance.  Moreover, various functional modules performing 

crowd detection, tracking, and motion planning are implemented in this framework to 

accomplish crowd surveillance mission.   
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• The second objective is to design and implement an agent-based hardware-in-the-loop 

simulation, which involves hardware components (UAVs and UGVs containing onboard 

sensors, communication devices, and computers) and software components (agent-based 

simulation and hardware interface).  Various models needed to simulate the crowd 

surveillance are also developed.  Those models are 1) agent-based model of unmanned 

vehicles while utilizing the terrain elevation data obtained from GIS and 2) social force 

model to mimic crowd dynamics. This testbed is used to evaluate the effectiveness and 

efficiency of the proposed DDDAMS-based planning and control framework.   

• The third objective is to devise an effective team formation approach for assigning teams 

of unmanned vehicles to crowd clusters using their geometry as well as the available 

number of resources.  This approach is used in crowd splitting scenarios when the crowd 

starts to split into different clusters, and the existing team of unmanned vehicles is not 

able to continue monitoring all the clusters.   

• The last objective is to devise effective control strategies for team formation, information 

aggregation, and motion planning of unmanned vehicles.  These control strategies are 

determined during the planning stage and used for controlling vehicles to achieve the best 

objectives under different circumstances. 

 

1.4 Organization of the Remainder of the Dissertation 

The remainder of this dissertation is organized as follows.  Chapter 2 provides an 

extensive literature review and background information on different planning and control 

methodologies.  Related topics such as agent-based modeling and simulation as well as 

surveillance via unmanned vehicles are explained next.   Chapter 3 presents the proposed 
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DDDAMS-based planning and control framework with details of each component, followed by 

defining fidelity levels, and describing fidelity selection and assignment as the underlying 

algorithms of the decision module for DDDAMS.  Moreover, crowd detection, crowd tracking, 

and motion planning modules are discussed.  Chapter 4 discusses the integrated hardware and 

software testbed by developing an agent-based simulation and assembling UAV and UGV 

platforms.  Additionally, it describes various experiments that are conducted to evaluate the 

effectiveness and computational efficiency of the proposed framework.  Chapter 5 provides a 

team formation approach proposed in this work for assigning teams of unmanned vehicles to 

crowd clusters under crowd splitting scenarios.  Chapter 6 discusses different control strategies 

for team formation, information aggregation, and motion planning of UAVs and UGVs.  

Furthermore, a method for determining the value of the control strategy parameter for the 

information aggregation of UAVs and UGVs is also proposed.  Chapter 7 provides a summary of 

this dissertation and discusses the future research directions. 
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CHAPTER 2 

2 BACKGROUND AND LITERATURE REVIEW 

In this chapter, first, a survey of different planning and control methodologies and their 

capabilities for applying to the crowd surveillance via unmanned vehicles is provided, followed 

by previous research works on dynamic data driven application systems.  Next, agent-based and 

hardware-in-the-loop simulation are discussed, and models of crowd dynamics are presented.  

Finally, the literature works on performing surveillance mission via unmanned vehicles as wells 

as motion planning algorithms for determining their path are reviewed.   

 

2.1 Planning and Control Methodologies 

2.1.1 Classical Approach vs. Reactive Approach 

In a classical planning approach, a sequence of actions are generated to achieve a set of 

given goals from an initial state (McDermott, 2000).  In this approach, during the decision-

making process, the planner generates the entire actions before executing them.  In Fikes and 

Nilsson (1972), STRIPS (Stanford Research Institute Problem Solver) was proposed as a 

language for performing such classical planning.  Later based on this work, McDermott et al.  

(2000) introduced PDDL (Planning Domain Definition Language), which is one of the well-

known languages for performing classical planning.   

The classical approach is suitable for off-line planning with a long-term planning horizon 

(Blythe & Reilly, 1993).  However, this method does not fit well for the real-time applications 

such as crowd surveillance via unmanned vehicles.  Another drawback of this method is that it is 

accomplished under several unrealistic assumptions such as static and deterministic situations, 

where the planner knows the result of each action during the planning stage (Pollack & Horty, 
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1999).  These assumptions are not valid for controlling autonomous vehicles such as UAVs and 

UGVs with limited human intervention in which environmental factors and imprecise sensors 

lead to a high degree of uncertainty (Turner, 2005).  In those situations where the actions’ 

outcomes cannot be anticipated in advance, the classical approach has a high chance of failure as 

the planner does not have an adequate capability in executing the generated plans (Lee, Norris, & 

Fishwick, 1993). 

Due to the limitations of the classical approach, reactive planning methods are introduced 

in the artificial intelligence (AI) community by relaxing some of the unrealistic assumptions 

mentioned earlier (McDermott, 2000).  As stated by Firby (1987), “systems that build or change 

their plans in response to the shifting situations at the execution time are called reactive 

planners”.  Based on this approach, the system will be capable of responding to the rapid 

deviations occurring during the execution process by continually monitoring the environment.  

Therefore, the reactive approach has the capability of real-time control of autonomous vehicles 

in dynamic environments.  Various types of reactive planning are introduced in the literature 

with different levels of reactivity.   

In a study by Georgeff et al. (1987), a planning architecture called procedural reasoning 

system (PRS) was proposed using beliefs, desires and intentions (BDI) framework.  Due to the 

use of BDI, PRS has the capability of adjusting its objectives based on the situational changes.  

PRS is a generic planning system and has been applied to different applications such as real-time 

control of mobile robots (Georgeff & Lansky, 1987), OASIS air traffic management system 

(Ljungberg & Lucas, 1992), and space shuttle’s reaction control system (Georgeff & Ingrand, 

1989).  In a different research by Firby (1987), reactive action packages (RAP) was presented as 

a model to perform a purely reactive planning, where the plan generation was solely 
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accomplished during the execution time.  In this model, the decision-making process was 

performed based on the current world state during the execution process.  In comparison with 

PRS, RAP has a higher degree of reactivity and is a better technique for a highly dynamic 

environment with no level of prior decision-making. 

In addition to the classical and reactive approaches discussed above, a simulation-based 

approach is introduced in the literature as another planning and control methodology, and is 

discussed in the following section. 

 

2.1.2 Simulation-based Approach 

Computer simulations are powerful tools that are traditionally used for system analysis.  

As defined by Fishwick (1992), “Computer simulation is the creation and execution of 

dynamical models employed for understanding system behaviors”.  Using computer simulation is 

another alternative method to perform reactive planning, where simulation models are used to 

evaluate generated plans and execute the most suitable one.  Furthermore this approach has the 

capability of multi-agent planning in real-world environments by simulating of the agents that 

the planner has no control (Lee & Fishwick, 1994).  From another perspective, multi-agent 

planning is analogous to the distributed planning paradigm in systems with communication and 

coordination among agents.  In such systems, the environment is distributed among teams of 

agents.  There are extensive research works in the literature in this area such as Phoenix fire-

fighting simulator by Hart and Cohen (1992).  However, this aspect of planning is beyond the 

scope of this dissertation and is not discussed in this survey.  Below are a few works 

accomplished in the AI community using a simulation-based approach. 
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Lee and Fishwick (1994) proposed a real-time simulation-based planning (SBP) approach 

to combine planning and control.  In this method, based on the available time for planning, 

different levels of abstraction for a model were selected.  This automated planner was used for 

mission planning of computer generated forces simulations in complex and uncertain scenarios.  

Later, Lee and Fishwick (1995) used the SBP approach for real-time decision-making of robots 

path planning.  In this work, simulations were embedded amongst each other and were used to 

evaluate a set of generated actions and plans.  Fishwick et al. (1996) used SBP for improving 

decision-making process and supporting Course of Actions (COA) in Air Force missions by 

choosing the best route for aircrafts.  In another research work, Lee and Fishwick (1997) applied 

the SBP to multi-agent environments where the complexity of decision-making process is 

distributed among agents.  

In a different work by Sapena et al. (2004), a reactive planning architecture for robots in 

dynamic environments was proposed, where decision-making and execution processes were 

integrated via VirtualRobot Simulator (VRS).  VRS is graphical software for simulating robots’ 

behavior as well as sensors’ information.  In this method, planning agents composed of a planner 

and a reactor are initially informed with partial knowledge about the environment.  Callback 

functions were used to enable communication between the planner and the reactor by requesting 

actions from the planner.  As soon as receiving a request, generated actions were sent to the 

reactor and then the plan generation was performed based on the time constraints provided by the 

environment.  In this architecture, the reactor is used as a translator to generate low-level actions 

and to interact with the environment for monitoring and execution purposes.  As mentioned in 

Sapena et al. (2004), this approach can be used for large problems without excessive 

computational efforts. 
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In a more recent work, Sahli et al. (2009) designed Enhanced Knowledge Environment 

Multi-Agent System (EKEMAS), which is an agent-based geo-simulation framework for aiding 

a human planner involved in wildfire fighting situations.  This framework was constructed using 

four layers. In the first layer, a simulated virtual environment was constructed using GIS data 

corresponding to the real environment.  The second layer was made based on the dynamic 

factors, which could not be captured from GIS data such as a physical model of spreading the 

fire.  At the third level multi-agent system was constructed by composing various entities playing 

a role in the environment.  Finally, the last layer was provided based on the application that 

EKEMAS framework was applied to.  

In addition to the AI applications, the simulation-based approach was also used in 

manufacturing systems.  Despite the AI field, where the focus of planning is to control agents 

and their behaviors in dynamic environments, manufacturing systems require planning to control 

the occurrence of events in a scheduled form.  For this reason, discrete event simulation is a 

suitable type of simulation to be applied in the manufacturing systems.  Wu and Wysk (1988) 

presented one of the earliest works in this topic by developing a Multi-Pass Expert Control 

System (MPECS) for controlling flexible manufacturing cells.  MPECS’s reactivity was enabled 

through the usage of historical performance of manufacturing system in a learning module that 

was combined with discrete event simulation to evaluate various dispatching rules.  As 

mentioned in this work, the simulation window that was defined based on the length of planning 

intervals plays a key role in performance of the algorithm, since less data could be collected and 

used in short intervals.  Other researchers have also suggested similar approaches, where 

simulation models have been applied to real-time control of manufacturing systems (Kim & 

Kim, 1994; Smith & Wysk, 1994; Son, Rodríguez-Rivera, & Wysk, 1999).   
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Son et al. (2002) and Lee et al. (2007) introduced a simulation-based real-time planning 

and control by proposing an innovative architecture (See Figure 2.1).   

 

 

Figure 2.1: Architecture of simulation-based real-time planning and control  

(Lee et al. (2007); Son et al. (2002)) 

 

In this approach, discrete event simulation running in fast mode during the planning stage 

was used as a task generator in real-time mode during the control stage.  During the planning 

stage, several alternative models are evaluated in the fast-mode simulation to select the best 

control strategy that can be used for execution in real-time.  The real-time simulator, which was 

synchronized with the real system, is in charge of controlling the manufacturing system via 

message passing.  In this work, switching between planning and control could be done on a 
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temporal or event basis.  Although this framework has been originally used for manufacturing 

systems using the discrete event simulation, it has the potential to be applied to other areas such 

as multi-vehicle systems of UAVs and UGVs (the theme of this dissertation). 

 

2.1.3 Dynamic Data Driven Application Systems  

Dynamic Data Driven Adaptive Multi-scale Simulation (DDDAMS) belongs to the 

category of Dynamic Data Driven Application Systems (DDDAS) for adjusting the fidelity of a 

simulation model adaptively against available computational resources.  DDDAS is a unique 

modeling and control paradigm for complex systems.  This paradigm consists of a feedback and 

control loop for incorporating dynamic data into an existing application simulation, and then 

dynamically steering the measurement process to improve the modeling methods (Darema, 

2004).  The dynamic data can be acquired from an archival database or a real-time system to 

refine the model during the run-time and result in more accurate prediction and analysis 

(Darema, 2004).  This methodology has attracted lots of attentions in a variety of disciplines 

such as wildfire, manufacturing, supply chain process, transportation, traffic management, and 

unmanned vehicles. 

Pingali and Stodghill (2004) proposed a web service framework (O’SOAP) for DDDAS 

applications, in which applications were deployed as distributed components and their 

interactions were achieved via SOAP protocol.  The paper also discussed the performance of the 

proposed system in terms of test problem sizes and runtimes.  In another work, Mandel et al. 

(2004) proposed a DDDAS-based system for real-time modeling of wildfire and forecasting of 

various firefighting strategies.  In their system, remote sensor data and online weather 
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information are injected into the system at the execution time, and filtering techniques are used 

to identify out-of-order data.  

Douglas et al. (2006) applied DDDAS paradigm for weather forecasting and wildfire 

modeling as well as contaminant tracking by utilizing real-time weather data, images, and sensor 

streams.  In another work, Rodríguez et al. (2009) discussed using DDDAS for forest fire 

behavior prediction.  In this work, the real-time data are used in a conventional simulator during 

its runtime.  Their experiment results demonstrated prediction improvement under different wind 

speeds and directions.   

Carnahan and Reynolds (2006) discussed the challenges of automatic adjusting 

simulations once experimental results indicates that a simulation must change.  In this work, a 

DDDAS adaptation capability proposed via coercion, which is a semi-automated adaptation 

method for choosing the best abstraction at each flexible point that DDDAS needs.  Their results 

were demonstrated in a supply chain system.  Later, Celik et al. (2010) proposed a DDDAS-

based multi-fidelity simulation framework for analyzing supply chain systems, in which various 

components (e.g. grid computing module, web service communication server, databases, 

sensors) and DDDAS enabling algorithms (e.g. abnormality detection, fidelity selection, fidelity 

assignment) were discussed.  In a more recent work, Celik et al. (2013) proposed a DDDAMS 

framework for dispatch control in distributed power networks with the goal of minimizing the 

operational cost and power loss of the system. 

In addition to different cases mentioned above, DDDAS paradigm has been recently 

applied to the applications of unmanned vehicles.  In this regard, Madey et al. (2012) identified 

several key challenges for swarms of sensor and surveillance UAVs and discussed proof-of-

concept DDDAS-based simulation testbed for UAV swarm control.  The proposed framework of 
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this work employed two simulators (i.e. a synthetic UAV swarm simulator and an agent-based 

simulation).  In another work, Wei et al. (2013) discussed dynamic mission planning for efficient 

UAV swarm control.  In this work, a DDDAS-driven hybrid control framework was proposed for 

UAV mission assignment and scheduling considering different scheduling policies. 

 

2.2 Agent-based Modeling and Simulation 

Agent-based modeling and simulation is one of the most popular techniques for system 

analysis.  In comparison with conventional simulation paradigms such as discrete event 

simulation and system dynamics, the agent-based modeling is a bottom-up approach to model 

complex systems consisting of autonomous agents (Macal & North, 2009).  In this approach, 

agents interact with each other while dynamically changing their behavior (Macal & North, 

2010).  Repast®, Swarm®, Netlogo®, and MASON® are some of the existing agent-based 

modeling and simulation toolkits, where they have been widely used in science and engineering 

fields (Railsback, Lytinen, & Jackson 2006).  Another well-known toolkit is AnyLogic®, which 

in addition to the agent-based modeling supports other paradigms of simulation (i.e. discrete 

event and system dynamics).  All of these tools are able to execute simulations as long as the 

number of agents and size of the problem do not exceed the computational capacity of the system.  

In this regard, the computational efficiency of the system is an important aspect to be considered 

in using the agent-based simulation.   

In recent years, various researchers have utilized the agent-based simulation to study 

multi-vehicle systems and to simulate real system components in an integrated environment.  

These agent-based models have been then used by various experiments to investigate the 

simulated behavior of the real system under various settings to gain benefits such as cost saving 
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and performance enhancement.  Chen and Chang (2008) discussed an agent-based platform for 

UAV missions involving emergent formation and behaviors.  Later, Cicirelli et al. (2009) 

proposed an agent-based infrastructure for distributed simulation using HLA/RTI, under which 

various UAV coordination and control topics were studied such as agent behaviors, message 

interaction, time management, system load-balancing, and reconfiguration.  

In addition, incorporating real hardware using hardware-in-the-loop simulation 

techniques is a crucial step in performing system-level development and real-time testing 

considering various issues such as time, cost, and safety (Ledin, 1999).  In this regard, 

Chandhrasekaran et al. (2009) proposed a model using hardware-in-the-loop simulation to react 

to failures in a UAV system in real-time and designed a control mechanism with dual loop 

architecture to analyze the system performance.  In another work, Yang and Li (2012) proposed 

a hardware-in-the-loop simulation system based on a right angle robot to verify dynamic control, 

object detection, tracking, and localization for a UAV system.  The developed system in their 

study was two-dimensional robot lead rails, constituting a right-angle robot to build a flight 

simulation system. 

 

2.2.1 Models of Crowd Dynamics 

Crowd dynamics modeling is a crucial step for analyzing the behavior of individuals and 

performing a surveillance mission in a variety of applications such as border patrol, traffic 

control, public safety, and security watch.  These models can be categorized as three major 

approaches.  The first category is called the microscopic approach, which describes the behavior 

of individuals and the crowd behaviors resulted from this self-organization process.  The second 

one is the macroscopic approach, which considers the whole crowd as one or more groups of 
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individuals and their collective behaviors.  Finally, the third category is the mesoscopic 

approach, which is a hybrid model of the above two approaches by examining the behavior of 

individuals while their interactions are considered based on macroscopic relationships and goals 

of the crowd.  A comprehensive study of these approaches can be found in Cristiani et al. (2014).  

Social force model is one of the most well-known microscopic techniques, which was 

originally introduced by Hebing et al. (1995).  This model describes the motion of each human in 

the crowd based on the effect of the environment and other individuals.  Later, Helbing et al. 

(2000) introduced a generalized model for characterizing the crowd behavior in an escape panic 

phenomenon.  In this model, both socio-psychological and physical forces are considered to 

describe the behavior of individuals in the crowd.  

In a more recent work by Xi et al. (2011), the social force model and the extended 

decision field theory are integrated to model pedestrian behavior.  This integrated model has the 

advantage of taking into account an extra level of the human decision-making process while 

improving the original social force model in a way that forces between agents are not always 

against each other.  In another work by Moussaïd et al. (2011), two behavioral heuristics 

introduced using the cognitive model approach and visual information to determine the desired 

walking directions as well as speeds of individuals.  Moreover, the proposed technique in this 

work was combined with body collision for crowd disaster modeling at extreme densities.  

 

2.3 Surveillance via Unmanned Vehicles 

Surveillance is the process of monitoring activities and information to influence, manage, 

direct, or protect objects of interests (Lyon, 2007).  There are many research works in the 

literature on performing surveillance mission via unmanned vehicles.   
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In a work by Girard et al. (2004), a hierarchical control architecture for border patrol via 

UAVs is proposed in which the hierarchy formalization and their interfaces were discussed.  

There are 5 layers introduced in this paper: autopilot (layer 1), maneuver coordination (layers 2 

and 3), vehicle supervision (layer 4), and team supervision (layer 5), followed by the discussion 

on controller design in details.  In another work, Loyall et al. (2005) developed a distributed real-

time embedded (DRE) system of UAVs, UGVs, and control centers for surveillance of time 

critical targets and discussed systems characteristics, challenges, and capabilities.  Quigley et al. 

(2005) discussed a fixed wing mini-UAV control system on target acquisition, localization, and 

surveillance involving flight-path generation, low-level UAV-centric control, high-level target-

centric control, and camera-centric control modules.   

In another work by Grocholsky et al. (2006), a collaborative role of UAVs and UGVs 

with vision capabilities were described.  In this paper, a scalable information-driven coordinated 

control framework for search and localization of targets are presented with the capability of 

employing a system of a large number of heterogeneous vehicles in a decentralized control 

architecture.  Chaimowicz et al. (2007) presented situational awareness in an urban environment 

using teams of heterogeneous UAVs and UGVs.  Due to environmental constraints and their 

effect on the performance of the communication network and onboard GPS of vehicles, three-

dimensional sensing network is constructed and used in this paper.  

In a more recent work, Moseley et al. (2009) presented a mission planner and task 

allocation system for accomplishing the search, target tracking, geolocation and pursuit with 

collaborative UAVs and UGVs.  This work described a hybrid control architecture, where the 

developed operator control unit (OCU) is used as a high-level centralized planner while a 

decentralized data fusion network of vehicles is used for low-level tasks.  In another work, Owen 
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et al. (2010) proposed a framework for tracking a moving target in an urban environment using 

cooperation of aerial and ground vehicles.  In this work, dynamic occupancy grid and second-

order Markov chain are used for modeling the target state and motion, respectively.  Moreover, 

Bayesian filtering is used for updating the occupancy grid.   

As discussed above, detection of moving targets and tracking their movements are two 

major tasks in a surveillance mission via unmanned vehicles.  In addition to detection and 

tracking, motion planning algorithms are also required for autonomous operation of UAVs and 

UGVs. 

 

2.3.1 Motion Planning Algorithms 

In a surveillance mission via unmanned vehicles, motion planning algorithms play a key 

role by finding a path from a start configuration to a goal configuration.  In this context, the 

configuration space is considered as the state space of all possible configurations of the vehicle 

with the dimension equal to the system’s degree of freedom (Chose, 2005).  Moreover, it consists 

of an obstacle region as well as a free space.  The obstacle region is determined based on the 

collision of the vehicle with the obstacles, and the free space is the remaining part of the 

configuration space.  Various motion planning algorithms have been proposed in the literature 

such as roadmap, cell decomposition, potential field, and probabilistic methods.  Goerzen et al., 

(2009) provided a comprehensive study of these techniques.  

Graph search methods such as Dijkstra (Dijkstra, 1959) and A* (P. Hart, Nilsson, & 

Raphael, 1968) are well known algorithms, which can be used for the case that a complete 

knowledge of the environment is known.  These methods reduce the problem complexity by 

discretizing the environment and fitting a graph to the configuration space. In the case with 
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partially known or stochastic environments, variants of A* algorithm such as D* (Stentz, 1994), 

and Theta*  (Nash, Daniel, Koenig, & Felner, 2007) have been introduced in the literature.  D* 

algorithm is a dynamic version of A*, where the cost can vary and Theta* finds the path with no 

constraint on angles. 

Probabilistic methods, specifically sampling-based methods, are another type of motion 

planning algorithms, which have been applied in a wide variety of applications due to the 

capability of solving path planning problems in systems with a high degree of freedom.  These 

algorithms are more efficient than traditional motion planning approaches such as roadmap 

methods because of the advantage of not explicitly constructing the free space (LaValle, 2006).  

However, this causes a weaker notion of completeness known as probabilistic completeness or 

resolution completeness.  Completeness is an important concept in motion planning.  An 

algorithm is considered to be complete if it returns a solution in a finite time in case of its 

existence.  Otherwise, a failure is reported.  A fundamental concept in sampling-based 

algorithms is to generate samples and to construct a connectivity graph in the free space by 

utilizing collision-checking methods.  These planners can be categorized as a single or multiple-

query.  Single-query algorithms provide a solution for path planning problems with an initial 

configuration and a goal configuration while multiple-query algorithms have the capability of 

generating paths between different pairs of initial and goal configurations.  Probabilistic 

Roadmap Methods (PRMs) (Kavraki & Svestka, 1996) and Rapidly-Exploring Random Tree 

(RRTs) (LaValle, 1998) are two of the most popular sampling-based algorithms that have been 

applied in numerous robotics applications.  

PRM consists of a learning phase as well as a query phase (Kavraki & Svestka, 1996). 

First, sampling the free space and connecting nearby samples to each other construct a 
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probabilistic roadmap in the learning phase.  Next, in the query phase the constructed roadmap is 

searched using graph search algorithms such as Dijkstra and A* to find a path from the initial 

configuration to the goal configuration.  PRM algorithm is a multiple-query planner as the 

constructed roadmap at the learning phase can be used for multiple path planning queries.   

RRT algorithm is an incremental tree-based sampling method for motion planning in 

complex environments with differential constraints (LaValle, 1998).  In this method, trees are 

constructed and incrementally extended to generate a path.  In the RRT algorithm with a single 

tree, the initial configuration is used as the root of the tree and the tree is extended until it reaches 

the goal configuration (LaValle, 2006).  In RRT with bidirectional trees, two trees are extended 

towards each other until they meet where one of these trees is rooted in the initial configuration 

and the other at the goal configuration (LaValle, 2006).  In contrast to PRM, RRT algorithm is a 

single query planner with no learning phase for constructing roadmaps. Therefore, RRT is 

computationally more efficient than PRM and is considered to be a better candidate for online 

planning problems with no need for multiple queries (Karaman & Frazzoli, 2011).   
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CHAPTER 3 

3 PROPOSED DDDAMS-BASED PLANNING AND CONTROL FRAMEWORK  

In this chapter, a dynamic data driven adaptive multi-scale simulation (DDDAMS)-based 

planning and control framework is proposed for effective and efficient crowd surveillance via 

UAVs and UGVs.  To this end, first, an overview of the framework is discussed together with its 

major components and their interactions.  Next, fidelities are defined, and fidelity selection and 

assignment are described as the underlying algorithms in the decision module for DDDAMS.  

Lastly, crowd detection, tracking, and motion planning modules are described as three major 

tasks of unmanned vehicles in performing a surveillance mission during the planning and control 

stages.   

 

3.1 Overview of DDDAMS-based Planning and Control Framework 

Figure 3.1 depicts an overview of the developed DDDAMS-based planning and control 

framework, where the major components include 1) integrated controller, 2) integrated planner, 

3) decision module for DDDAMS, and 4) real system.  The goal of this framework is to achieve 

effective and efficient crowd surveillance using UAVs and UGVs.  In this regard, the integrated 

controller is in charge of controlling vehicles, the integrated planner supports the effectiveness, 

and the decision module for DDDAMS provides the computational efficiency of the system.  In 

this dissertation, system performance (i.e. crowd coverage percentage) is used as the measure of 

effectiveness, while the usage of computational resources (i.e. CPU usage) is considered to 

determine the efficiency of the system.   
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Figure 3.1: Proposed DDDAMS-based planning and control framework (Khaleghi et al., 2013)   

 

The integrated controller consists of a command generator and a hardware interface.  The 

command generator is in charge of performing surveillance mission by accomplishing three 

major tasks: 1) crowd detection, 2) crowd tracking, and 3) motion planning of unmanned 

vehicles.  In this work the command generator has been implemented in a real-time agent-based 

simulation to control vehicles.  To achieve interaction with real system, the hardware interface in 

the integrated controller acts as a medium between the command generator and the real system.  

For this purpose, the data obtained by onboard sensors of vehicles are transmitted to the 

hardware interface using the radio communication.  After receiving the sensory data, hardware 

interface passes them to the command generator for further processing.  Among the received 

sensory data, the crowd detection module utilizes vision-based data, while global positioning 
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system (GPS) data are used by the motion planning module.  Given the vision-based data, the 

crowd detection module 1) processes them for crowd detection and location identification 

purposes, 2) invokes the decision module for DDDAMS if actual and predicted system 

performances have a significant deviation, and 3) passes the analyzed crowd data to the database 

periodically.  Based on the observed crowd location at time t, the crowd tracking module predicts 

the crowd locations at time t+∆t, where ∆t is an interval that human operator must define 

depending on the intended frequency of control.  The tracking is made at each time unit (so ∆t is 

an integer), and predicted locations for ∆t time periods are then used in the motion planning 

module as destination locations of the vehicles, from which control commands (e.g. waypoints) 

for next period t+∆t are generated for navigation of UAVs/UGVs.  This process (i.e. data 

collection – crowd detection – crowd tracking – motion planning – control command generation) 

continues in an iterative manner until the real system performance differs enough from the 

predicted performance (event basis) or the predefined planning horizon is elapsed (temporal 

basis), which then invokes the decision module for DDDAMS. 

The decision module for DDDAMS is in charge of selecting and assigning the proper 

fidelity levels over time, given the system computational resource as the constraint.  At a given 

time point t, when the decision module for DDDAMS is invoked, the catastrophic abnormality 

block is processed first.  This block determines whether there is a fatal abnormality in the system 

due the malfunction of its components or human errors, which requires the human operator to 

interrupt the system.  Otherwise, in case of ordinary abnormalities where the actual and predicted 

system performances deviate significantly while every component still works, the fidelity 

selection algorithm is invoked next to update the fidelity levels.  Then, given the outputs of the 

fidelity selection algorithm, the fidelity assignment algorithm decides the optimal assignment of 



40 
	  

fidelity level by adjusting optimum system performance against computational resources 

available in the system.  Finally, the assigned fidelity levels are provided to the integrated 

planner for evaluation of the control strategies.  

The integrated planner is in charge of selecting optimal control strategy for UAVs/UGVs 

based on the predicted system performance using the assigned fidelity levels.  In this regard, the 

integrated planner consists of a strategy maker to accomplish the same tasks as the command 

generator (i.e. crowd detection, crowd tracking and motion planning).  In this work, the strategy 

maker has been implemented in an agent-based simulation running in fast mode to select optimal 

strategies for each of the same components in the command generator (i.e. crowd detection, 

crowd tracking and motion planning) based on simulation-based evaluation of alternative 

strategies against different scenarios.  This work focuses on control strategies for team 

formation, information aggregation, and motion planning of vehicles, which will be explained in 

details in Chapter 6.  Furthermore, each control strategy only corresponds to one simulation 

instance, and the best strategy can be obtained via statistical analysis after all simulation 

instances are completed.  At last, the selected best control strategy is stored and then used by the 

integrated controller for adjusting the corresponding parameters and enhancing the system 

performance.  It is noted that in addition to the three control strategies mentioned above, the 

control interval (∆t) of unmanned vehicles can also be considered as an additional strategy to be 

determined during the planning stage based on the feedback from the integrated controller to 

enhance the system performance (i.e. coverage percentage).   However, in this work, we have 

assumed a constant control interval during the system operation  (e.g. ∆t=10 seconds). 
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As described above, the entire proposed framework works as a loop between the real 

system, the integrated controller, the decision module for DDDAMS, and the integrated planner 

to achieve effective and efficient crowd surveillance using aerial and ground unmanned vehicles.  

In the rest of this chapter, the underlying algorithms of the decision module for DDDAMS, as 

well as the integrated planner and controller are described. 

 

3.2 Decision Module for DDDAMS 

3.2.1 Defined Fidelity Levels 

In this dissertation, the defined fidelities are highly associated with the fact that UAVs 

and UGVs play different roles in collecting information about crowd dynamics using their 

onboard camera sensors.  On one hand, UAVs offer a global view of the crowd and the overall 

group characteristics such as the crowd shape and the number of dense regions.  However, the 

information accuracy in capturing the individual dynamics and the resulting crowd dynamics is 

restricted by factors such as altitude, speed, onboard sensor capability (e.g. resolution), weather 

condition, and other disturbances.  Given this information, this work assumes that the UAV can 

only view the dense crowd regions.  On the other hand, UGVs moving on the ground close to the 

crowd can detect individuals and their various characteristics such as speed and moving pattern.  

However, processing the data collected by UGVs requires more computational resources as it 

consists of all individuals’ information.  In this regard, the data obtained by UAVs and UGVs 

should be used in an integrated and intelligent way to balance the trade-off between the system 

performance and the usage of computational resources.  Based on this discussion, the two fidelity 

levels are defined in this work (see Figure 3.2) can be stated as follows  

• Low fidelity level, based on the crowd information obtained by UAVs 
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• High fidelity level, based on the crowd information obtained by UGVs 

 

 

Figure 3.2: High and Low fidelity Information 

 

As shown in Figure 3.2, the low fidelity of information is represented as occupied cells in 

the low fidelity map of the environment.  In this regard, if the number of individuals in a cell 

exceeds a pre-defined threshold (e.g. three individuals), the cell is considered to be occupied.  

This threshold can be determined based on the size of each cells as well as the accuracy of crowd 

information obtained by UAVs.  The high fidelity of information is represented as dots in the 
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high fidelity map of the environment, where each dot is an individual in the map of the 

environment. 

 

3.2.2 Fidelity Selection and Assignment 

The goal of the fidelity selection algorithm is to determine the proper fidelity of 

information for crowd surveillance mission.  In this work, only two fidelity levels are considered 

(i.e. low and high).  However, more detailed and refined approach would require more fidelity 

levels.  As mentioned in Section 3.1, the decision module for DDDAMS can be invoked in case 

of the performance deviation in crowd surveillance mission, where possible reasons are as 

follows:  

• Crowd movement speed increases or decreases unexpectedly 

• Crowd motion pattern changes unexpectedly 

• Environmental condition (e.g. weather) changes unexpectedly 

In practice, historical data is usually available on the triggering threshold condition for 

fidelity updates based on the performance deviation.  In addition, given different abnormality 

sensory data (e.g. crowd speed, pattern, and weather condition), the initial relationship between 

abnormality sensory observations and the corresponding reactions (e.g. choice of appropriate 

fidelity level for planning and control activities) can be extracted from the historical data.  Such 

process can be accomplished based on a probabilistic approach to select the proper fidelity using 

newly collected and historical stored data.  One possible approach is Bayesian Belief Network 

(BBN) (Jensen, 2001), which updates the current occurring probabilities of various random 

variables/events.  Celik et al. (2010) utilized this approach in a fidelity selection algorithm for 
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addressing and solving multi-scale supply chain decision-making problems.  In our work, we 

utilized the following rules for fidelity selection: 

• The fidelity level is changed from high to low under the following conditions: 1) the 

fidelity level is high at the current time, 2) for the previous fixed (τ) control intervals 

(τ∆t), the performance deviations did not exceed a pre-defined threshold.  

• The fidelity of information is changed from low to high when the performance 

deviation exceeds a pre-defined threshold. 

In other cases, the fidelity is not changed.  Changing the fidelity level can have two 

purposes. First, the fidelity selection algorithm dynamically releases system computational 

resources from high to low fidelity.  Second, it improves system performance by changing from 

low to high fidelity, which results more accurate decision evaluation for control purposes.  The 

computational issue becomes an important concern in applying the outcomes from the fidelity 

selection algorithm.  It might often happen that the available computational resource cannot 

afford to process all high fidelity information given by the fidelity selection algorithm.  Under 

these circumstances, another algorithm (i.e. fidelity assignment) should be used to determine 

more significant crowd regions by prioritizing them in using the limited amount of 

computational resources and enhancing the system performance. 

In this way, fidelity assignment is used to reselect the proper fidelity level found by the 

fidelity selection algorithm based on the availability of computational resources as a constraint. 

The total available computational resource is a fixed amount given by the particular system 

configuration.  The utility optimization problem can be formulated as a 0-1 knapsack problem as 

shown in Eq. (3.1). 
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max 𝑢(𝑓𝑑! 𝑡 , 𝑙)𝑞!(𝑡)!
!!!                                       Eq. (3.1) 

                                           subject to 

                                                 𝑅(𝑓𝑑! 𝑡 , 𝑙)𝑞!(𝑡)!
!!! ≤ 𝑇𝑅 

 

In the model formulation, L is total amount of regions considered for the crowd 

surveillance mission; 𝑢(𝑓𝑑! 𝑡 , 𝑙) is the utility value if the computational resource requirement is 

satisfied for analyzing the data associated with lth region, which is a function of the selected 

fidelity at that particular region at time t; 𝑅(𝑓𝑑! 𝑡 , 𝑙)  represents the computational resource 

requirement for analyzing the data associated with the lth region, which depends on the selected 

fidelity at that particular region at time t; TR denotes the total available computational resource; 

and 𝑞!(𝑡)  is the binary decision variable, where 1 represents the case when the required 

computational resource is assigned to the lth region at time t, and 0 otherwise. 

In our current system, the utility value for each of the selected fidelities was pre-defined 

by offline measurements.  However, various other methods can also be used to assign the most 

effective utility value during the system operation.  In general, if the corresponding 

computational resource requirement for a particular region is satisfied, the utility value of 

assigning the region with a corresponding fidelity results in either system performance 

improvement (if the region is modeled in a high fidelity) or computational resource saving (if the 

region is modeled in a low fidelity).  One way to achieve the most appropriate fidelity 

assignments is to rank the candidate regions based on their importance index.  Therefore, the 

entire system can adjust its computational resources dynamically to achieve the best system 

performance.   
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After the corresponding fidelities of all considered regions are assigned, any fidelity 

update requests can be forwarded to the strategy maker (see Figure 3.1).  The system with the 

updated fidelities is used to perform decision planning and select the best control strategy.  Then 

the commander generator generates control commands (e.g. waypoints) with the updated 

fidelities and control strategy for navigation of UAVs and UGVs.  This process repeats and this 

is how the system evolves in time.  

 

3.3 Integrated Planner and Controller Modules 

In this section, crowd detection, tracking, and motion planning are discussed as three 

main modules of the integrated planner and controller in the proposed framework (see Figure 

3.1).  It is noted that these modules are considered based on different tasks required in 

performing the crowd surveillance mission via UAVs and UGVs.  However, the number of such 

modules can be increased in future extensions of this work to add additional functionalities (e.g. 

searching). 

 

3.3.1 Crowd Detection Module 

This research considers both onboard camera sensors of the real vehicles as well as 

models of them to address the crowd detection by unmanned vehicles.   Cameras are one of the 

most common sensors used in crowd surveillance missions due to their low cost as wells as their 

capability in providing images and video streams.  However, such output data are required to be 

processed using computer vision techniques for extraction of useful information such as 

observed crowd locations at each time step (t) (i.e. the output of crowd detection module).  
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In this work, downward-looking cameras are mounted on UAVs, while UGVs are 

equipped with forward-looking cameras.  Moreover, an open source library of computer vision 

algorithms called OpenCV® (http://opencv.org/), is used for processing and analysis (e.g. motion 

detection) to extract useful information from the cameras’ output.  Motion detection is one the 

most well-known methods for applying in dynamic scenes by segmenting regions corresponding 

to the moving objects.  Background subtraction, temporal difference, and optical flow are three 

conventional motion detection algorithms, which have been used in a variety of applications (Hu, 

Tan, Wang, & Maybank, 2004).  Among them, optical flow-based methods have the capability 

of functioning while the camera is moving, which is a vital feature in crowd detection using the 

onboard camera of unmanned vehicles.  In optical flow-based methods, a two-dimensional vector 

(i.e. optical flow vector) has been utilized for every single pixel to determine the displacement of 

that pixel between consecutive frames of a video.  In our work, an optical-based method 

proposed by Minaeian et al. (2015) is used for motion detection as well as determining the 

location of crowd.  

In terms of detection capabilities of UAVs and UGVs using their onboard camera 

sensors, their complementary roles have been considered in this research.  UAVs with less 

accurate detection capability are used to localize crowd as groups by flying over obstacles and 

collecting information from the entire crowd while UGVs are used for detection of individuals in 

the crowd due to their accurate localization.  This assumption considered in this work is 

consistent with our defined fidelity level (see Section 3.2.1) and is based on the visual 

comparison in Grocholsky et al. (2006) that has demonstrated uncertainties in localization of 

detected objects between aerial and ground vehicles.   
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As mentioned earlier, in addition to the crowd detection using the onboard cameras of 

real vehicles, models of them are also used in the crowd detection module.  Table 3.1 provides 

the nomenclature for variables and parameters used for this purpose.  

 

Table 3.1: Nomenclature of crowd detection module 

Notation Explanation Notation Explanation 

𝐹𝑂𝑉!
(!)

 
Horizontal field of view of UAV’s 

camera 𝐹𝑂𝑉!
(!)

 
Horizontal field of view of UGV’s 

camera 

𝐹𝑂𝑉!
(!)

 
Vertical field of view of UAV’s 

camera ℎ!"#
(!)

 UGV’s safety distance 

ℎ(!) AGL altitude of UAV ℎ!"#
(!)

 
Longest detection distance of UGV’s 

camera  

𝐷𝑅!
(!)

 
Detection range of UAV in the 

horizontal direction 𝐷𝑅!
(!)

 

Detection range of UGV in the 
horizontal direction 

𝐷𝑅!
(!)

 
Detection range of UAV in the 

vertical direction 𝐸𝐷𝐷
 

UGV’s effective detection depth 

 

In this work, camera’s field of view is used as the key characteristic to determine the 

detection range of UAVs and UGVs.  Field of view is the maximum angle that a vehicle can 

view, and is related to the sensor configuration and vehicle mounting structure.  In this regard, 

the detection range of UAV in the horizontal (𝐷𝑅!
(!)) and vertical (𝐷𝑅!

(!)) direction can be 

computed using Eq. (3.2) and Eq. (3.3), respectively. 

 

𝐷𝑅!
(!) = 2ℎ(!) tan !"#!

!

!
                                             Eq. (3.2) 

𝐷𝑅!
(!) = 2ℎ(!) tan

!"#!
!

!
                                             Eq. (3.3) 
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Here, 𝐹𝑂𝑉!
(!)  and 𝐹𝑂𝑉!

(!)  are the horizontal and vertical fields of view of the UAV’s 

camera, respectively, and ℎ(!) is the above ground level (AGL) altitude of UAV (see Figure 3.3).  

It is noted that in this work, we have assumed UAVs flying at a constant AGL altitude, where its 

value is determined based on their physical capability. 

 

 

Figure 3.3: Illustration of UAV’s detection range and associated parameters 

 

For the UGV, the detection range is considered in one dimension using the horizontal 

field of view.  Furthermore, a safety distance between UGV and the crowd is assumed to ensure 
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the UGV’s safety and persistent coverage.  In this regard, the lower and upper bound of UGV’s 

detection range in the horizontal direction (𝐷𝑅!
! ) can be formulated as 

 

𝐷𝑅!
(!) = 2ℎ!"#

(!) tan(!"#!
(!)

!
) ≤ 𝐷𝑅!

! ≤ 2ℎ!"#
! tan !"#!

!

!
= 𝐷𝑅!

(!)         Eq. (3.4) 

 

where 𝐹𝑂𝑉!
(!) is the horizontal field of view of UGV’s camera; ℎ!"#

(!)   is the safety distance; ℎ!"#
(!)  

is the longest detection distance of UGV’s camera; 𝐷𝑅!
(!)  and 𝐷𝑅!

(!)  show the lower and 

upper bound of 𝐷𝑅!
! , respectively.  Moreover, the effective detection depth of UGV can be 

defined as 𝐸𝐷𝐷 = ℎ!"#
(!) − ℎ!"#

(!) .  Figure 3.4 shows the detection range of UGV and its 

associated parameters. 

 

 

Figure 3.4: Illustration of UGV’s detection range and associated parameters 
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3.3.2 Crowd Tracking Module 

In our developed framework (see Figure 3.1), crowd tracking module plays a key role in 

predicting the crowd location for the next control interval (i.e. Δt), based on the previous 

observed crowd locations.   For this purpose, the output of the crowd detection module by aerial 

and ground vehicles are used for crowd prediction based on different fidelity of information.  

This dissertation considers three different approaches to address the crowd tracking by 

unmanned vehicles.  In the first approach, Kalman filter is used by modeling the dynamics of 

each individual using the high fidelity information, while for the low fidelity information, each 

high-density region (i.e. occupied cell of the low fidelity map) is considered as a single object to 

model its dynamics.  The second approach uses Autoregressive model for tracking individuals 

using high fidelity information. The third approach is a grid-based model to predict the low 

fidelity information.  Table 3.2 provides the nomenclature for crowd tracking module.   

 

Table 3.2: Nomenclature of crowd tracking module 

Notation Explanation Notation Explanation 
𝐗!(𝑡) State vector of ith individual at time t 𝐰 𝑡  Process noise at time t 

𝐗 𝑡  State vector of the total number of 
individual detected by UGV at time t 𝐘 𝑡    Observation vector at time t 

𝑇 Total number of motion stages 𝐂 𝑡  Maps the true state space into the 
observed space 

𝑁!
! (𝑡)  Total number of detected 

individuals by UGV at time t 𝐯 𝑡   Measurement noise vector at time t 

𝐀 𝑡  Crowd and their intra-agent 
interactions at time t 𝑃(!,!)

(!)   Predicted occupancy probability of 
the cell (l,m)  

𝐡 𝑡  Environmental factors at time t 𝑁 !,!   Total number of new observations 

𝐁𝐡 𝑡  Impacts of the environmental factors 
at time t 𝑍 !,!   Number of occupancy observations 

among the new observations 1 

𝐮 𝑡   States of the controlling team at 
time t 𝛼 !,!    

Shape parameter of the beta prior 
distribution 

𝐁𝐮 𝑡  Individual’s perceptions of the 
controlling activities at time t 𝛽(!,!) 

Shape parameter of the beta prior 
distribution 
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State space models are well-known mathematical representations of a dynamic process 

using systems of first order difference (or differential) equations, which can be derived from 

general nth order difference (or differential) equations.  Based on these models, various state 

estimation methods have been introduced in the literature such as Kalman filter (Wu & Nevatia, 

2007), extended Kalman filter (Masoud, Papanikolopoulos, & Member, 2001), unscented 

Kalman filter (Wan & Merwe, 2000), and particle filter (Venegas, Knebel, & Thiran, 2004).  In 

this work, the Kalman filter is adopted based on the model by Khaleghi et al. (2013) and used in 

the tracking module for the crowd prediction.  The basic idea of any Kalman filter is described 

below. 

Let 𝐗!(𝑡) represent the state vector of ith individual detected at time t, which contains 

state information including geographic state (i.e. locations), and preference state (i.e. velocities).  

In this regard, the state vector of a subset of the whole crowd detected by UGV at time t can be 

represented as   

 

𝐗 𝑡 = [𝐗! 𝑡 !      𝐗! 𝑡 !       ⋯          𝐗!!! (!)(𝑡)
!  ]!                               Eq. (3.5) 

 

where 𝑁!
! (𝑡) is the total number of detected individuals by UGV at time t.  Moreover, the 

following three types of factors can mainly affect the preference and geographic states of every 

individual at time t: 

1) The preference of crowd individuals including its own at time t-1 

2) The environmental factors affecting the crowd preferences 

3) The impacts of the controlling units on the individuals (e.g. UAVs and UGVs)  
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 By assuming linear relation between the individuals’ states vector at two consecutive 

time steps, these complex relationships can be modeled as the following system of difference 

equations: 

 

𝐗 𝑡 = 𝐀 𝑡 𝐗 𝑡 − 1 + 𝐁𝐡 𝑡 𝐡 𝑡 + 𝐁𝐮 𝑡 𝐮 𝑡 +𝐰 𝑡 ,      𝑡 = 1,2,… ,𝑇         Eq. (3.6) 

 

where 𝑇  is the total number of motion stages; 𝐀 𝑡  represents the dynamics of crowd individuals, 

showing which linear combinations of the state vector affects the next state; 𝐡 𝑡  contains the 

environmental factors, 𝐁𝐡 𝑡  represents the impacts of the environmental factors on individuals’ 

state; 𝐮 𝑡  shows the states of the controlling team; 𝐁𝐮 𝑡  represents the individual’s perceptions 

of the controlling activities; the components of 𝐰 𝑡  are the process noises, which are assumed 

to follow a multivariate normal distribution with zero means and given variance-covariance 

matrix 𝚺!"#"$.  The measurement model has the following general form:  

 

𝐘 𝑡 = 𝐂 𝑡 𝐗 𝑡 + 𝐯 𝑡                                               Eq. (3.7) 

 

where 𝐘 𝑡  is the observation vector at time t; 𝐂 𝑡  maps the true state space into the observed 

space and 𝐯 𝑡  is the measurement noise vector at time t assumed as zero mean Gaussian with 

variance-covariance matrix 𝚺!"#$%&". 

After the elements of the matrices used in Kalman filter, such as 𝐀 𝑡 , 𝐁𝐡 𝑡 , 𝐁𝐮 𝑡 , and 

𝐂 𝑡 , have been specified, the Kalman filter performs tracking with two recursive steps.  In the 

first step (i.e. prediction step) the values of the latent state variables in a future time using the 

state space model are estimated, along with uncertainty measures of the estimates.  In the second 
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step (i.e. updating step), new measurements and updated estimates are obtained.  In cases where 

these matrices are unknown, system identification must be performed to determine them and then 

the tracking of the crowd can be implemented with the application of Kalman filter.  In our work, 

matrices 𝐁𝐡 𝑡  and 𝐁𝐮 𝑡  are omitted (assumed zero values), and 𝐀 𝑡  is determined based on 

the suggested form by Khaleghi et al. (2013). 

As mentioned earlier in this section, Kalman filter is used for prediction of both low and 

high fidelity information.  In addition to Kalman filter, we have implemented two other 

approaches suggested by Yuan et al. (2015).  The first approach is the application of 

Autoregressive model (Zaidi, Mark, & Member, 2011), where the relations between different 

parts of the data set can be detected and used.  By assuming the linear relationship between the 

crowd individuals’ states vector at two consecutive time steps, a lag-1 Autoregressive model can 

be expressed as Eq. (3.6) given above, where based on historical detected high fidelity 

information the coefficient matrices of the dynamic equation can be estimated.  Similar to 

Kalman filter, matrices 𝐁𝐡 𝑡  and 𝐁𝐮 𝑡  are assumed to be zero, and only 𝐀 𝑡  is estimated.  

This approach is used for crowd prediction using high fidelity information.  

The second approach proposed by Yuan et al. (2015) is a grid-based model, which is 

adopted in this work for prediction based on the low fidelity information of UAVs.  In this 

approach, using Beta-binomial distribution the predicted occupancy probability of each cell 

located in lth row and mth column of the low fidelity map of the environment can be expressed as 

 

𝑃(!,!)
(!) = (𝑍 !,! + 𝛼(!,!)) (𝑁 !,! + 𝛼 !,! + 𝛽(!,!))                     Eq. (3.8) 

 



55 
	  

where 𝑁 !,!  is the total number of new observations; 𝑍 !,! is the number of occupancy 

observations among the new observations; 𝛼 !,!  and 𝛽(!,!) are the shape parameters of the beta 

prior distribution, which can be estimated using historical data.   

It is noted that Eq. (3.8) is based on the Bayesian theory (Milton & Arnold, 2003), where 

the matrix elements represent the occupancy probability for the low fidelity information. In 

Chapter 6 we will use these probabilities for aggregation of low and high fidelity information. 

Based on the obtained predicted crowd location using different approaches mentioned above (i.e. 

Kalman filter, Autoregressive model, and grid based model), the destination of UAVs and UGVs 

can be determined and used in the motion planning module, the details of which will be given in 

the next section. 

 

3.3.3 Motion Planning Module  

Motion planning is an important aspect in autonomous operation of unmanned vehicles. 

Successful motion planning of UAVs/UGVs is subject to various factors such as travel distance 

and energy consumption.  In this work, A* algorithm has been used for motion planning of 

vehicles to find their optimal trajectory from the starting location to the destination location with 

given Δt control interval, where the destination location is defined based on the output of the 

crowd tracking module.  A* is a well-known graph search algorithm, where the optimality and 

efficiency of the selected path depend on the chosen heuristic (Dechter & Pearl, 1985).  

Considering the environment (e.g. terrain elevation, obstacles), it is assumed that the world is 

static and prior geographical information is known.  In the case of insufficient prior knowledge 

about the environment and existing obstacles, vision-based sensory data (e.g. image, video 
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streams) can be used to provide such dynamic data.  Table 3.3 show the nomenclature for the 

motion planning module. 

 

Table 3.3: Nomenclature of motion planning module 

Notation Explanation Notation Explanation 

ℎ(!) AGL altitude of UAV  𝐃! 𝑡  Vehicle coordinates in the 
3D environment at time t 

𝑧!(𝑡) MSL altitude of vehicle 𝑒𝑙𝑒𝑣(𝑥! 𝑡 ,𝑦!(𝑡)) 
Terrain elevation of 

vehicle at time t 

𝑔! 
The   1st  objective function of motion 

planning algorithm 𝛽(𝑡)  Elevation angle between 
two waypoints at t 

𝑔! The   2nd  objective function of 
motion planning algorithm 𝑒𝑙𝑒𝑣𝑃𝑒𝑛𝑎𝑙𝑡𝑦(𝛽 𝑡 ) Elevation penalty function 

with respect to 𝛽(𝑡)  
 

In A* algorithm, similar to other graph search algorithms, grids are generated by 

discretizing the environment and a graph is defined where each node of the graph represents one 

cell of the grid.  In this work, two different grids are used.  For determining the path of UGVs, 

the grid is placed on the ground surface, and for UAVs, the grid is placed on a constant distance 

above the ground surface, which is equal to the AGL altitude of UAVs (i.e. ℎ(!)).  Figure 3.5 

shows two possible paths in a map with one starting location, one destination location, and 

several waypoints.  At each current location that the vehicle belongs to, it chooses 1 out of the 8 

possible waypoints to decide the next move. 
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Figure 3.5: Two possible paths in a discretized map generated by A* algorithm 

 

Now, let 𝐃! 𝑡 = [𝑥! 𝑡 ,𝑦! 𝑡 , 𝑧! 𝑡 ] represent the vehicle coordinates (location) in the 

3D environment at time t, where 𝑧! 𝑡   shows the MSL (Mean Sea Level) altitude of the vehicle.  

Moreover, the terrain elevation of the environment at vehicle’s location is denoted by 

𝑒𝑙𝑒𝑣(𝑥! 𝑡 ,𝑦! 𝑡 ) which can be obtained using GIS data.  In this regards, the MSL altitude of 

aerial and ground vehicles can be written as 

 

𝑧!
! 𝑡 = 𝑒𝑙𝑒𝑣 𝑥!

! 𝑡 ,𝑦!
! 𝑡 + ℎ(!)                                 Eq. (3.9) 

𝑧!
! 𝑡 = 𝑒𝑙𝑒𝑣 𝑥!

! 𝑡 ,𝑦!
! 𝑡                                      Eq. (3.10) 

 

where 𝑧!
! 𝑡  and 𝑧!

! 𝑡  are the MSL altitude of UAVs and UGVs, respectively, and ℎ(!) is the 

AGL altitude of UAV (see Figure 3.6).   
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Figure 3.6: Illustration of MSL altitude for UAV and UGV 

 

Assume 𝑡 = 𝑡! is the initial time of a vehicle’s path and 𝑇 = 𝑡! + Δ𝑡 is the arrival time to 

the destination location, where Δt is the control interval.  In this work the optimal path of the 

vehicles are determined based on two objectives. The first objective is to minimize the vehicle 

travelling distance (Euclidian distance) from the starting location to the destination location 

during each control interval (Δ𝑡); the second objective is to minimize a composite function (i.e. 

to minimize energy consumption) involving vehicle altitude/elevation change.   The two 

objective functions are shown in Eq. (3.10) and Eq. (3.11), respectively.   

 

𝑔! = ( 𝑥! 𝑡 + 1 − 𝑥! 𝑡 ! +    𝑦! 𝑡 + 1 − 𝑦! 𝑡 ! + 𝑧! 𝑡 + 1 − 𝑧! 𝑡 !)! !!!!
!!!!   

Eq. (3.10) 

 

𝑔! = 𝑒𝑙𝑒𝑣𝑃𝑒𝑛𝑎𝑙𝑡𝑦 𝛽 𝑡 ∗ ( 𝑥! 𝑡 + 1 − 𝑥! 𝑡 ! +    𝑦! 𝑡 + 1 − 𝑦! 𝑡 ! +!!!
!!!!

[𝑧! 𝑡 + 1 − 𝑧!(𝑡)]!)
!
!                                                   Eq. (3.11) 

Mean Sea Level (MSL)

elev(x(A),y(A))

z(A)

z(G)

h(A)
Above Ground Level 

(AGL)

elev(x(G),y(G))
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Here 𝑔!  stands for 𝑔!
(!)  or 𝑔!

(!) , and 𝑔!  stands for either 𝑔!
(!)  or 𝑔!

(!) , furthermore 

[𝑥! 𝑡 ,𝑦! 𝑡 , 𝑧!(𝑡)]  stands for [𝑥!
! (𝑡),𝑦!

! 𝑡 , 𝑧!
! (𝑡)]  or [𝑥!

! (𝑡),𝑦!
! 𝑡 , 𝑧!

! (𝑡)] 

representing either UAV or UGV coordinates in the 3D environment.   

It is known that changing UAVs’ altitude or moving UGVs downhill/uphill affects their 

energy consumption (Sauter et al., 2008).  To deal with this issue, penalties are considered based 

on different elevation change of the vehicles.  In Eq. (3.11), elevPenalty is the penalty function 

for elevation change based on different angles formed by two-waypoint connection line and 

horizontal X-Y surface (Wichmann & Wuensche, 2004).  The angle can be defined in Eq. (3.12), 

and a sample penalty function for elevation change is provided in Table 3.4.   

 

𝛽 𝑡 = arctan  ( 𝑧! 𝑡 + 1 − 𝑧!(𝑡) ( 𝑥! 𝑡 + 1 − 𝑥! 𝑡 ! + 𝑦! 𝑡 + 1 − 𝑦! 𝑡 !)! !)   

Eq. (3.12) 

 

Table 3.4: Sample elevation penalties 

Range of 𝛽(𝑡) [0,
𝜋
18) [

𝜋
18 ,

𝜋
9) [

𝜋
9 ,
𝜋
4) [

𝜋
4 ,
𝜋
9) 

𝜋
2 

𝑒𝑙𝑒𝑣𝑃𝑒𝑛𝑎𝑙𝑡𝑦(𝛽 𝑡 ) 1 1.5 3 5 6 
 

To illustrate the trade-off between the two objectives, this paragraph discusses a special 

case of an unmanned vehicle traveling from a starting location to the destination involving 

significant elevation increase (e.g. climb a mountain).  On one hand, if the vehicle selects to 

travel the minimum Euclidian distance between the two points (i.e. minimize 𝑔!), it will result in 

a steep path.  This may cause a very slow speed of the vehicle for lifting its own weight under 
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other disturbance (e.g. wind, wet road), which in turn cause inefficient usage of fuel in addition 

to stabilization issues.  On the other hand, if the vehicle chooses the path with the least elevation 

change (i.e. minimize 𝑔!), it results in spiral travelling path to the destination.  This will cause 1) 

long traveling distance with more fuel consumption, and 2) high uncertainty along the path that 

may delay the vehicle’s arrival time.  In this regard, for motion planning of UAVs and UGVs, 

either 𝑔!  or 𝑔! can be used to find the optimal path with the A* algorithm, or the aggregated of 

the two objectives can be used for motion planning.  More details will be discussed in the 

Chapter 6.  

 

3.4 Summary 

In this chapter, we have proposed a comprehensive DDDAMS-based planning and 

control framework by incorporating dynamic sensory data obtained by onboard sensors of the 

vehicles.  The two-level system hierarchy of this framework is based on the low and high fidelity 

of information obtained by aerial and ground vehicles, respectively.  In this framework, the 

integrated controller, which includes the command generator (i.e. agent-based simulation 

running in real-time mode) as well as the hardware interface, is used for controlling UAVs and 

UGVs.  The integrated planner consisting of the strategy maker (i.e. agent-based simulation 

running in the fast mode) supports the effectiveness of the crowd surveillance mission, where the 

system performance (i.e. crowd coverage percentage) is used as the measure of effectiveness.  

The decision module for DDDAMS provides the computational efficiency of the system by 

updating the fidelities dynamically using the fidelity selection and assignment algorithms, where 

the usage of the computational resources (i.e. CPU usage) is considered to determine the 

efficiency of the system.  Moreover, crowd detection, tracking, and motion planning modules are 
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used in both integrated planner and controller for performing the crowd surveillance mission via 

unmanned vehicles.  The crowd detection module is used to detect the crowd and send the 

observed crowd locations to the tracking module.  The tracking module is used to predict the 

crowd locations for the next control interval.  Using the predicted crowd locations, the 

destination of unmanned vehicles are determined and used in the motion planning module to 

determine the path of the vehicles based on two different objectives:  1) minimizing the vehicle 

travelling distance, 2) minimizing the vehicle altitude/elevation change to increase its endurance 

(i.e. reduce the fuel consumption).  In the following chapter, we will present an agent-based 

hardware-in-the-loop simulation testbed to evaluate the effectiveness and efficiency of the 

proposed framework. 
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CHAPTER 4 

4 AGENT-BASED HARDWARE-IN-THE-LOOP SIMULATION TESTBED 

In this chapter, an agent-based hardware-in-the-loop simulation testbed is designed and 

implemented.  To this end, first, an overview of hardware and software components of the 

testbed is provided, followed by a comparative study of different control architectures, 

assembled UAV and UGV platforms, and hardware interface.  Next, agent-based simulation, a 

major component of the testbed is discussed by mapping GIS environment to 3D environment, 

and modeling the behavior of unmanned vehicles as well as the individuals in the crowd.  Lastly, 

experimental studies are provided using the developed testbed. 

 

4.1 Overview of Hardware and Software Components 

Testing the performance of multi-vehicle systems consisting of UAVs and UGVs is a 

challenging and costly process as the scale of the system increases.  While experiments using 

only computer simulation without involving hardware components are possible, the results may 

suffer due to the misleading assumptions and lack of real world environments.  In this 

dissertation, to evaluate the effectiveness and computational efficiency of the proposed 

DDDAMS-based planning and control framework (see Figure 3.1), an agent-based hardware-in-

the-loop simulation testbed is implemented.  Therefore, by employing a hardware-in-the-loop 

setting in this testbed, hardware components provide more realistic parameter settings to the 

simulated agents (for mimicking the hardware behavior) that are used in the simulation. 

Figure 4.1 represents an overview of the developed testbed, where the major components 

include: 1) agent-based simulation, 2) hardware interface, and 3) unmanned vehicles (i.e. UAVs 

and UGVs).  In this testbed, agent-based simulation is used as the strategy maker during the 
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planning stage by running in the fast-mode with simulated agents, while acting as the command 

generator during the control stage by generating control commands (i.e. waypoints) for real 

vehicles.  For this purpose, a hardware interface is used for receiving dynamic sensory data from 

real vehicles and sending back the control commands generated during the system’s run-time. 

 

 

Figure 4.1: Agent-based hardware-in-the-loop simulation testbed 

 

As discussed in Section 3.3, detection of the crowd, tracking their movements, and 

determining an optimal path for the vehicles are the key decisions to consider in crowd 

surveillance via UAVs and UGVs.  Essentially, these decisions can be made according to 

different interaction mechanisms and system structures known as the control architecture.  The 
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computational and communicational latency can vary significantly depending on the employed 

control architecture.  Thus, determining an appropriate control architecture is a key factor in 

implementing our testbed. 

 

4.1.1 Comparative Study of Control Architectures  

In multi-vehicle systems, centralized and decentralized control architectures are the most 

fundamental decisional classifications, where decentralized architecture can furthermore be 

divided into hierarchical and distributed control architectures (Cao, Fukunaga, Kahng, & Meng, 

1995).  Moreover, hybrid control architectures can be defined as a combination of different 

architectures. 

In a centralized control architecture, a ground control station is used for processing 

sensory data (e.g. video streams) received from the unmanned vehicles and making various 

decisions (e.g. detection, tracking, motion planning).  Then, control commands such as generated 

trajectories (i.e. waypoints) are sent back to each vehicle for execution.  Later at the next control 

interval, the sensor data are transmitted to the ground control station again, and the entire 

processes continue until a mission is completed.  Although the vehicles make no major decision 

under this architecture, UAVs/UGVs have the autonomy for making hardware related decisions 

(e.g. stabilization) using their onboard flight microcontroller.  A benefit of the centralized control 

architecture is the ease of optimizing the performance from the system perspective; however, as 

all the sensory data is transmitted to the ground control station, the data transmission overhead, 

decision-making frequency, and system scalability are the major concerns.  

In distributed control architecture, vehicles are equipped with additional onboard 

computer for making decisions by themselves without a ground control station involved.  During 
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the system operation, each unmanned vehicle collects the sensory data and makes decisions (e.g. 

detection, tracking, and motion planning) onboard.  A coordination scheme may be needed to 

accomplish certain tasks, and the generated commands are directly executed onboard (no data 

transmission to the ground control station is needed).  However, the onboard computational 

capabilities embedded in a distributed architecture are not as powerful as those applied in 

centralized one.  That is because of the different families of the computer processors (x86 vs. 

ARM) between the ground control station and onboard unit.  The x86 processors (usually used in 

desktop computers) are known to consume lots of power, which is not suitable for the 

UAV/UGV powered by lightweight lithium polymer batteries.  On the other hand, the ARM 

processors consume less power and have shown promises in embedded systems such as 

smartphones and tablets, which make them better candidates for UAV/UGV.  Major benefits of 

employing a distributed control architecture are the low sensory data transmission overhead and 

capability of deploying the entire system in a scalable manner; however, the optimality of overall 

system performance may be difficult to achieve, and a coordination mechanism (e.g. cooperative 

vs. non-cooperative) needs to be clearly defined and carefully implemented. 

In our testbed (see Figure 4.1), selecting each of the two control architectures mentioned 

above (i.e. centralized and distributed) will result in running the crowd detection, tracking, and 

motion planning algorithms on different platforms (i.e. ground control station vs. unmanned 

vehicles).  To have a trade-off between the pros and cons of the centralized and distributed 

control architectures, our testbed is implemented using a hybrid architecture.  However, 

extensions of this work can be done based on a variety of control architectures as shown in Table 

4.1. 
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Table 4.1: Control architectures for agent-based hardware-in-the-loop simulation testbed 

Control Architecture Ground Control Station UAV UGV 

Centralized 

Crowd Detection 
Crowd Tracking 
Motion Planning 

- - 

Distributed - 
Crowd Detection 
Crowd Tracking 
Motion Planning 

Crowd Detection 
Crowd Tracking 
Motion Planning 

Hierarchical Motion Planning Crowd Tracking Crowd Detection 

Hybrid 
Crowd Tracking 
Motion Planning Crowd Detection Crowd Detection 

 

In the hybrid control architecture of our testbed, first, unmanned vehicles perform crowd 

detection by running computer vision algorithms (see Section 3.3.1) to obtain information 

regarding the crowd location.  Then, the observed crowd locations by UAVs and UGVs are sent 

to the ground control station to be modeled as low or high fidelity information for tracking and 

motion planning purposes.  Finally, the generated commands (i.e. waypoints) are sent from the 

ground control station to the vehicles for their navigation. 

To provide a communication network between the ground control station and the 

vehicles, we have evaluated various technologies.  3DR® Radio developed by 3dRobotics® 

(http://3drobotics.com/) was our first choice, which can provide 915 MHz radio communication 

with air data rates up to 250 kbps and approximate extended range of 1 mile.  This radio module 

has been specially designed to transmit telemetry data using MAVLink® (Micro Air Vehicle 

Link).  MAVLink® (http://www.qgroundcontrol.org/mavlink/start) is an open source protocol for 

communication between the ground control station and unmanned vehicles, which provides a 

standard message format for sending waypoints.  Table 4.2 provides the format of MAVLink® 

waypoint message with sample data.  It is noted that the same message format is generated using 

the agent-based simulation of our testbed as the control commands. 
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Table 4.2: Format of MAVLink® waypoint message with sample data 

Index Current 
waypoint 

Coordinate 
frame Command P1 P2 P3 P4 Longitude 

(degrees) 
Latitude 
(degrees) 

Altitude 
(meters) 

Auto 
continue 

0 1 0 22 0 0 0 0 -110.892189 32.270321 100 1 

1 0 0 16 0 0 0 0 -110.892139 32.270371 100 1 

2 0 0 16 0 0 0 0 -110.892089 32.270421 100 1 
3 0 0 16 0 0 0 0 -110.891939 32.270621 100 1 
4 0 0 23 0 0 0 0 -110.891889 32.270671 100 1 

 

As shown in this table, in addition to the latitude, longitude, and altitude of vehicles, 

commands are used to determine different behaviors of vehicles such as take off (22), navigate to 

waypoint (16), and land (23).  More details of the MAVLink® message format can be found in 

http://mavlink.org/messages/common. While 3DR® radio module has been used in a variety of 

unmanned vehicles to provide a one-to-one communication network between a vehicle and the 

ground control station, a network is required in our testbed with a hybrid control architecture to 

provide communication between multiple vehicles and the ground control station.  In this regard, 

our second choice of communication network was Xbee® Pro 900 by Digi®.  Even though this 

module has the capability of providing a mesh network, it has not been designed for working 

with MAVLink®, which causes a delayed communication in transmitting telemetry data.  To 

overcome this challenge, we have selected Wi-Fi using MAVLink® as our third choice of the 

communication network.  

 

4.1.2 Assembled UAV and UGV Platforms 

In our developed testbed (see Figure 4.1), a custom-built quadcopter and a 4-wheel rover 

are used as the UAV and UGV platforms, respectively.  While commercial UAVs and UGVs are 

available, most of them are quite expensive and do not offer sufficient payload capacity for 
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adding extra components.  In this regard, inexpensive off-the-shelf parts are used to make robust 

and flexible vehicles with the capability of carrying a variety of sensors and computational units.  

Figure 4.2 demonstrates the assembled UAV and UGV platforms  

 

        

(a) UAV                                                               (b) UGV 

Figure 4.2: Assembled UAV and UGV platforms 

 

Our UAV has a frame in the shape of an “X”, where a motor with an attached carbon 

fiber propeller mounted at the end of each arm.  These motors are connected to the flight 

microcontroller using an electronic speed controller for adjusting their speed.  Our UGV is a 

commercially available remote control car, which is customized by adding a variety of onboard 

sensors and computational units.  In this regard, both vehicles have a GPS sensor, camera sensor, 

Wi-Fi module, and two onboard computers.  Moreover, UAV can provide stable video streams 

for the crowd detection module (see Section 3.3.1) by using an onboard camera gimbal.  

Regarding the computational units, both aerial and ground vehicles have been equipped 

with a low-level and a high-level onboard computer.  Controlling hardware components and 
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performing stabilizations as well as waypoints navigation have been done using the low-level 

computer.  In our assembled UAV and UGV platforms, ArduPilotMega® (APM), an open source 

flight microcontroller developed by 3DRobotics®, is used as the low-level computer.  This low-

level computer also known as autopilot has the capability of processing the sensory data such as 

GPS and inertial measurement unit (IMU).  The high-level computer is responsible for the crowd 

detection by running computer vision algorithms using OpenCV®.  Raspberry Pi® 

(https://www.raspberrypi.org/) and ODROID ® (http://www.hardkernel.com/) are two of the most 

popular off-the-shelf ARM processor computers.  Table 4.3 provides a comparison of them for 

employing as the high-level computer of our assembled UAV and UGV platforms. 

 

Table 4.3: Popular off-the-shelf ARM Computers 

Index Processor Clock speed Cores RAM Weight 
Raspberry Pi 2 Broadcom® BCM2836 900 MHz Quad 1 GB 45 g 

ODROID U3 Samsung® Exynos4412 1.7 GHz Quad 2 GB 45 g 

 

As shown in this table, ODROD U3 provides a higher computational power in 

comparison to Raspberry Pi 2, which makes it a better choice for performing onboard computer 

vision algorithms.  In this regard, ODROD U3 is used as the high-level computer of unmanned 

vehicles while communicating with the low-level computer and ground control station using a 

serial connection and Wi-Fi communication, respectively. 

 

4.1.3 Hardware Interface 

As shown in Figure 4.1, a hardware interface is used in our testbed for receiving dynamic 

sensory data from vehicles and sending back the generated control commands (i.e. waypoints). 

QGroundControl® (http://www.qgroundcontrol.org/) is used as the hardware interface in the first 
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stage of our testbed implementation.  QGroundControl® is an open source tool with graphical 

user interface (GUI) to support MAVLink® waypoint message communication with unmanned 

vehicles.  Later, we also tried MAVProxy® (http://tridge.github.io/MAVProxy/), which is a tool 

similar to QGroundControl® but it provides a command line and console-based user interface for 

less computational usage.  Figure 4.3 illustrates two snapshots of these tools with generated 

waypoints.  While both of these tools support MAVLink® waypoint message communication 

between unmanned vehicles and the ground control station, they cannot be easily used for 

sending customized messages.  As discussed in Section 4.1.1, a hybrid control architecture is 

used for implementation of our testbed by running crowd detection on vehicles and sending the 

observed crowd locations to the ground control station.  In this regard, ROS® (Robotic Operating 

System) is used as the hardware interface in our testbed to support customized messages in 

addition to MAVLink® waypoint messages.  

 

 

(a) 
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(b) 

Figure 4.3: Snapshots of a) QGroundControl® b) MAVProxy® with sample waypoints  

 

ROS® (http://www.ros.org/) is an open source software framework to provide system 

level services for distributed robotics platforms (Quigley et al., 2009).  In this regard, ROS® is 

used to create a communication layer between the high-level onboard computer of the vehicles 

and the ground control station.  By utilizing mavros (http://wiki.ros.org/mavros), which is a 

package for controlling the unmanned vehicles using MAVLink® protocol, UAVs and UGVs are 

capable to transmit various sensory data (e.g. GPS data) to the ground station and receive the 

generated waypoints.  Moreover, by utilizing ROS messages, the observed crowd locations by 

vehicles (i.e. output of crowd detection) can be received by the ground control station for crowd 

surveillance mission.   

It is noted that employing ROS® as the hardware interface also provides a physics-based 

simulation using gazebo_ros_pkg (http://wiki.ros.org/gazebo_ros_pkgs).  Gazebo® 

(http://gazebosim.org/) is an open source multi-robot simulation toolkit for modeling rigid body 
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of robots.  Figure 4.4 illustrates a snapshot of Gazebo® with a model of quadcopter using 

hector_quadrotor (http://wiki.ros.org/hector_quadrotor).  

 

 

Figure 4.4: A snapshot of a quadcopter model in physics-based simulation (Gazebo®) 

 

4.2 Agent-based Simulation 

In this work, we consider three types of agents: 1) UAV, 2) UGV, and 3) crowd 

individual.  For each of them, the models of their individual behavior, as well as their 

interactions in the environment, are implemented in an agent-based modeling and simulation 

platform.  For this purpose, we used Repast Simphony®, which is a Java-based edition of open 

source Repast® (REcursive Porous Agent Simulation Toolkit).  Repast Simphony® is a powerful 

tool for modeling agents in different types of the environment such as 2D and 3D.  Moreover, 

using the NASA World Wind® (Bell et al., 2007), which is an open source geographic 

information system (GIS), agents can be located in a GIS environment.  In this work, we have 
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utilized both 3D and GIS environments.  Figure 4.5 demonstrates snapshots of our developed 

agent-based simulation. 

 

 

(a) 

  

(b) 

Figure 4.5: Developed agent-based simulation in a) 3D environment b) GIS environment 
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It is noted that we did not consider the direction of the vehicles in our developed 

simulation.  Therefore, the simulated UAVs and UGVs have the capability of detection of the 

simulated crowd in 360° direction.  In Figure 4.5 (a), the detection area of UAVs and UGV are 

represented as blue and green areas.   

Figure 4.6 demonstrates the UML class diagram of our developed agent-based 

simulation.  In this diagram, the association relationships are represented using solid arrows 

while dashed arrows represent the dependencies of each class.  As shown in this diagram, 

seventeen Java classes have been used to construct our simulation.  In this regard, we have three 

classes for each agent type (i.e. UAV, UGV, and crowd individual).  To represent them in 

different environments, these agents include both 3D and GIS styles.  Moreover, we have 

implemented the detection area of the unmanned vehicles as a separate Java class with their 3D 

style. Incorporating the terrain elevation data obtained from GIS using a grid is one of the key 

features of our developed simulation.  Therefore, a grid has also been implemented as a Java 

class and graphically represented in 3D and GIS environments. 
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Figure 4.6: UML class diagram of the developed agent-based simulation  

 

4.2.1 Mapping GIS Environment to 3D Environment 

Since unmanned vehicles use their onboard GPS sensor for their navigation, our 

developed simulation utilizes a GIS environment to determine the geographical location (i.e. 

latitude and longitude) of each agent.  To construct this environment, simulation requires a 

specific geographical location as the origin of the environment as well as the size of the 

environment in terms of the latitude and longitude.  Moreover, to be able to use Cartesian 

coordinates for the crowd surveillance using different modules mentioned in Section 3.3, the 

constructed GIS environment is mapped to a 3D environment using a grid of terrain elevation 

data obtained from GIS (See Figure 4.7).  

 



76 
	  

 

Figure 4.7: Mapping a GIS environment with the latitude and longitude size of 0.01 degrees to a 

3D environment with the size of 990165m2 (i.e. x = 935m * y =1095m)   

 

In this work, the Great Circle Distance (the shortest distance over the earth’s surface) is 

used to estimate the distance between two points described in latitude (𝜙) and longitude (𝜆).  

Haversine formula (Shumaker & Sinnott, 1984) and Spherical Law of Cosines are two well-

known methods to find The Great Circle Distance and have been widely used in GPS systems 

due to their capability of making a good estimate of the spherical distance between two points.  

However, we have used Haversine formula in our simulation as it has a better performance for 

numerical computation even at small distances (Veness, 2010).  In this regard, the great circle 

distance (𝑑) between two points is defined as 

𝑑 = 𝑅𝑐                                                              Eq. (4.1) 
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where 𝑅  is the earth’s radius, and 𝑐 is the angular distance in radians calculated using Eq. (4.2) 

and Eq. (4.3).  

 

𝑐 = 2 arctan !"# !
!!!"# !

                                                   Eq. (4.2) 

ℎ𝑎𝑣 𝑐 = sin! !!!!!
!

+ cos𝜙! cos𝜙! sin!
!!!!!
!

                              Eq. (4.3) 

 

Since the elevation of the two points should also be considered to have a more accurate 

estimate of the distance, the GIS data of NASA World Wind® are also incorporated into the 

simulation.  For this purpose, first, a grid is constructed by discretizing the environment.  Next, 

for each cell of the grid, its terrain elevation referencing the mean sea level (MSL) is obtained 

from digital elevation model (DEM) data of the NASA World Wind®.   

 

4.2.2  Unmanned Vehicles Modeling 

Figure 4.8 depicts the behavior of unmanned vehicles to perform a crowd surveillance 

mission using the three modules described in Section 3.3 (i.e. crowd detection, crowd tracking, 

and motion planning).  It is noted that this diagram is based on the ideal sitation with assumption 

of no failiure.  Consideration of potential failiures is left as a futute work.  Moreover, we have 

assumed the surveillance mission of the unmanned vehicles starts after they reach the crowd 

location.  In this regard, we have not considered the searching behavior of the vehicles as the 

focus of our work is to track the crowd and not to find them.  However, future extensions of this 

work can be used with extra capabilities such as searching.   
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Figure 4.8: Flow chart depicting the behavior of unmanned vehicles to perform crowd 

surveillance mission using crowd detection, crowd tracking, and motion planning modules 

 

In addition to mapping of the GIS to 3D environment explained in Section 4.2.1, real-

time operation of agent-based simulation is another key feature of our developed simulation.  

Based on the proposed framework (see Figure 3.1), the same simulator running in the fast mode 

as the strategy maker for generating control strategies is used as the command generator in the 

real-time mode.  
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Repast Simphony® scheduler is a built-in Java class, which is responsible to manage the 

execution of events by making a priority queue of events according to the simulation clock 

measured in ticks.  In each tick of the simulation clock, a different number of events scheduled 

for that specific tick are executed, and the simulation clock will not be incremented until the 

execution of those events.  In this regard, the computational complexity of the events as well as 

the number of events scheduled for a tick will affect the time needed to progress to the next tick, 

which consequently will slow down the simulation.  From this perspective, the built-in 

simulation clock cannot progress at the same rate of the wall clock, which makes it not suitable 

for real-time systems.  To overcome this challenge, we utilized the Epoch time, which shows the 

number of elapsed seconds since coordinated universal time.  In this regard, during the control 

stage, the agent-based simulation uses this time with second’s resolution to provide a real-time 

simulation for controlling real vehicles.  Moreover, real UAVs and UGVs have also been 

configured to use the same Epoch time for the synchronization purpose. 

 

4.2.3 Crowd Modeling 

To model the behavior of the crowd in the developed simulation, we utilized the model 

proposed by Moussaïd et al., (2011), where two heuristics are defined based on the visual data of 

crowd individuals.  For this purpose, each agent (i.e. crowd individual) is assumed to have a field 

of view between −𝜑 and 𝜑 with a maximum range of 𝑑!"# and direction/angle of 𝛼! to the 

destination (see Figure 4.9).  Moreover, the average walking speed of the crowd individuals is 

defined as 𝑣!, which they can take in the case with no obstacles.  The first heuristic is formulated 

in Eq. (4.4), which determines the direction/angle (𝛼) of each individual to minimize the distance 
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to its destination and also takes into account the presence of obstacles and other individuals in 

the field of view. 

𝑚𝑖𝑛! 𝑑 𝛼         where  𝑑 𝛼 = 𝑑!"#! + 𝑓 𝛼 ! − 2𝑑!"#  𝑓(𝛼)cos  (𝛼 − 𝛼!)              Eq. (4.4) 

 

	  

Figure 4.9: Representation of simulated crowd  

 
Using the second heuristic, the walking speed of each individual can be altered to avoid 

collisions.  In this case, if an individual has an obstacle (e.g. another individual) in direction 𝛼 

and distance 𝑑!, his speed is calculated as 

 

𝑣 = 𝑚𝑖𝑛 𝑣!,
!!
!

                                                   Eq. (4.5) 

 

where 𝜏 is the relaxation time (i.e. time required to adopt a new behavior).  In our work, we 

assumed this time is equal to 1 second.  Moreover, the field of view of individuals is considered 

to be between -90° and 90°.   
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4.2.4 Input Parameters  

To start the simulation for a crowd surveillance mission via UAVs and UGVs, the user 

must define various parameters regarding the environment, and the specifications of the vehicles 

as well as the crowd.  Table 4.4 provides the input parameters of our simulation.  

 

Table 4.4: List of simulation input parameters with their default values 

Parameter Unit Default Value 
Control Interval seconds 10 

Environment's origin latitude degrees 31.38306 
Environment's origin longitude degrees -111.22083 

Environment’s latitude size degrees 0.01 
Environment’s longitude size degrees 0.01 

Initial number of UAVs - 2 
Initial number of UGVs - 2 

Initial number of crowd clusters  2 
Initial number of crowd individuals - 40 

Individual’s average speed meters/seconds 1.5 
UAV’s camera field of view degrees 60 

UAV’s AGL altitude meters 100 
UGV’s camera field of view degrees 60 

UGV’s longest detection distance meters 70 
UGV’s safety distance meters 10 

 

To initialize the simulation, a GIS environment is firstly created using the origin latitude 

and longitude of the environment as well its size.  Next, the grid is created, which is then utilized 

to construct the 3D environment.  Finally, agents (i.e. UAVs, UGVs, and crowd individuals) are 

made and displayed in the simulation.  Figure 4.10 shows the UML sequence diagram of the 

described processes.  
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Figure 4.10: UML sequence diagram of initialization stage of agent-based simulation 

 

4.3 Experiments and Results 

4.3.1 Impact of Two-level Information Fidelities 

To illustrate and demonstrate the benefit of the proposed DDDAMS-based planning and 

control framework (see Figure 3.1) in terms of the effectiveness and computational efficiency, a 

hypothetical case study has been conducted for crowd surveillance using two different fidelities 
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as discussed in Section 3.2.1.  A border region in the state of Arizona in U.S. with Mexico of size 

of 92120 m2 (i.e. 329m * 280m) was selected and a crowd of 80 individuals in two separate 

groups was considered in the simulation.  Crowd locations were observed in each second in 

simulation using simulated UAVs and UGVs.  The crowd tracking module utilized these 

observations and predicted the crowd locations with control intervals (∆t) equal to 10 seconds.  It 

is noted that for this experiment, Kalman filter is used for tracking of both low and high fidelity 

information (see Section 3.3.2 for more details).  Then based on the predicted crowd location, the 

destination of UAVs and UGVs are determined and used in the motion planning module.  In this 

experiment, different grid sizes have been considered to perform motion planning in high fidelity 

(i.e. number of grids: 60*60) and low fidelity (i.e. number of grids: 30*30) due to different 

specifications of aerial and ground vehicles.   

Figure 4.11 demonstrates the performance of the two fidelities as the crowd coverage 

percentage in intervals of 10 seconds.  As seen in the figure, high fidelity has higher performance 

due to the utilization of individual observations in the tracking module as well as more accurate 

locations of vehicle motion planning under a finer grid.  However, more computational resources 

are needed in the high fidelity.  Figure 4.12 illustrates CPU usages of the tracking module under 

high and low fidelities and such difference mainly lies in the dimension of state vectors used in 

the tracking algorithm.  
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Figure 4.11: System performance under two fidelity cases with 95% confidence interval 

 

 

Figure 4.12: CPU usage under two simulation fidelity cases with 95% confidence interval 

 

In the case of low fidelity, dense crowd regions were collected and inputted to the 

tracking algorithm, which leads to a state vector with the dimension of 4.  In contrast, in the case 

of high fidelity, where every individual in the crowd was tracked, the state vector has a higher 

dimension.  For our experiments with 40 individuals in each group, the state vector has a 
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dimension of 160, which consumed more computations during the tracking.  As Figure 4.11 

shows the two fidelities result in similar performance from 10 to 70 seconds, which justifies that 

the low fidelity can maintain similar system performance with high fidelity under certain 

circumstances. 

Then, a hypothetical event (i.e. some crowd individuals start to lead the entire group) was 

purposely created at time 70 seconds, which caused 4 individuals in each group increase their 

speed from 1.5 m/s to 1.7 m/s.  As the results show, due to this event the low fidelity 

performance has been decreased dramatically after some delay (this delay is the time for the 

leaders separating from the major group).  As the result shows, the performance in high fidelity 

has also been reduced, but compared with low fidelity, the effect of the event is much less due to 

tracking individuals instead of that of dense crowd regions.  By adopting high fidelity, the 

required performance (80% coverage percentage) is maintained, but more computational 

resources are consumed.   

This experiment reveals that dynamically switching between low and high fidelities can 

improve the computational efficiency of the system by saving the CPU usage, while keeping the 

system performance within the desired level to perform an effective crowd surveillance mission.  

Moreover, as mentioned earlier different grids have been used in this experiment for the two 

fidelity levels.  Therefore, additional experiments are conducted to examine the effects of the 

number of grids on system performance (i.e. crowd coverage percentage).   

 

4.3.2 Impact of Number of Grids 

In this experiment, we have considered one UAV, one UGV, and a crowd of 40 

individuals in a similar environmet to the experiment discussed earlier.  Figure 4.13 shows the 
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three experimental results, where the number of grids under the same simulation environment 

gradually increases from 20×20 to 60×60 (a larger number of grids indicates the smaller grid 

size). 
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Figure 4.13: Impacts of number of grids (under the same simulation environment) on system 

performance 

 

As the experimental results show, the system performance fluctuates a lot when the 

number of grids equals to 20×20, which is due to the large grid size resulting in location 

inaccuracy.  Continuing to increase the number of grids under the same simulation environment 

(the other two graphs in Figure 4.12), the system performance improves, and the fluctuation gets 

diminished over time, which demonstrates the critical role of grid size (the smaller is better) in 

maintaining system performance.  However, it has been observed that involving a smaller size of 

grid in simulation requires more computational resources (e.g. CPU usage), as the motion 

planning algorithm will need to search a larger graph in terms of the number of grids and more 

GIS data is required to be imported in the simulation environment. 

 

4.4 Summary 

In this chapter, we have designed and implemented a testbed using an agent-based 

simulation in Repast Simphony®, hardware interface in ROS® and assembled UAVs and UGVs 
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using off-the-shelf components.  Various control architectures have been studied and among 

them a hybrid architecture is used, where the high-level onboard computer of vehicles is 

responsible for running computer vision algorithms to detect crowd and transmit the observed 

data to ground control station for tracking and motion planning purposes.  After generating the 

vehicles’ path, control commands are transmitted to the high-level onboard vehicles’ computer, 

which then was used by another computer (low-level computer) for waypoints navigation of the 

real vehicles.  In the developed agent-based simulation, the behavior of the unmanned vehicles 

and the crowd individuals are both taken into account.  Moreover, by mapping GIS environment 

to 3D environments and generating a grid of elevation data obtained by GIS, the agent-based 

simulation has the capability of using the data from onboard GPS sensor of the vehicles (i.e. 

latitude and longitude), while obtaining the terrain elevation.  Experiments have been presented 

to evaluate the impact of two-fidelities and number of grids on system performance.  The results 

revealed the advantage of dynamically switching fidelity levels by saving computational 

resources while keeping the system performance within a desired level.  

In our future work, we will expand the experiments using the agent-based hardware-in-

the loop simulation testbed.  This needs automation between the agent-based simulation and 

hardware interface in receiving sensory data as well as sending control commands.  Moreover, 

calibration of a simulation model based on real data will also be required to enable the 

simulation-based planning and control and to incorporate a variety of uncertainties into the 

simulation model.  Such uncertainties can be based on accuracy of sensor data received from real 

vehicles as well as the performance of functional modules (i.e. crowd detection, tracking, and 

motion planning).  
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CHAPTER 5 

5 TEAM FORMATION OF UNMANNED VEHICLES  

In this chapter, a team formation approach is proposed for assigning teams of unmanned 

vehicles to crowd clusters under uncertain scenarios.  To this end, a problem scenario is firstly 

provided based on the splitting behavior of the crowd.  Next, the UAV/UGV team assignment is 

presented via determining the geometry of crowd clusters, categorizing them, and solving 

optimization problems for resource allocation.  Finally, simulation experiments are used to 

determine the required time for accomplishing the proposed team formation approach for 

maintaining the system performance (i.e. coverage percentage). 

 

5.1 Problem Scenario 

In this work, the following scenarios are considered: a crowd of individuals are passing 

from a border region and a team of unmanned vehicles (assuming one UAV and multiple UGVs 

as a team) performing a surveillance mission have detected the crowd.  From this time point, the 

crowd may continue to follow its designated path or start to split into clusters to reduce the risk 

of being further followed and captured by border patrol agents.  Under the latter case, the team of 

unmanned vehicles have several options such as 1) team dispersion to capture different crowd 

clusters (system performance may not be optimal) and 2) following one of the crowd clusters and 

call for additional team/teams of vehicles to follow other crowd clusters.  Figure 5.1 illustrates a 

sample splitting behavior of a crowd into two clusters, where at time point t+2∆t the lower 

crowd cluster is out of the detection area of the current team.  As shown in this figure, low 

fidelity information can be detected using UAV of the team while high fidelity information can 

be detected by UGVs (see Section 3.2.1 for more details).   
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Figure 5.1: Demonstration of splitting behavior of the crowd and forming a new team 

 

Given the described problem scenario, UAV/UGV team assignment is provided in the 

next sections.  For this purpose, the geometry of each crowd cluster is firstly determined.  Then, 

by considering the geometry of the clusters and the detection area of the UGVs, three types of 

crowd clusters are defined, and the lower and the upper bound of the required number of UGVs 

for coverage of each cluster are developed.  Last, resource allocation is used to determine the 

optimal number of UGVs for each cluster.   

 

5.2 UAV/UGV Team Assignment 

As mentioned earlier in this chapter, when the crowd splits into a different number of 

clusters, new teams of unmanned vehicles will be used instead of reforming the current team.  

time t + Δt
An event is triggered by the UAV 
due to its performance reduction

time t 
UAV follows the whole 

crowd as one cluster

Detection area of new UAV  

time t + 2 Δt
A new team is formed for 
following the other cluster

UAV’s detection area

High fidelity information 

Low fidelity information

Cluster’s contour

Cluster’s Dynamics
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Based on our assumption, a team in this work consists of one UAV and multiple UGVs working 

together for performing a surveillance mission.  In this regard, the goal of the proposed team 

formation approach is to assign a different number of UGVs for coverage of the crowd clusters.  

Table 5.1 provides the nomenclature for variables and parameters used in this section. 

 

Table 5.1: Nomenclature of team formation of unmanned vehicles 

Notation Explanation Notation Explanation 

𝑑!,!  
Longest diameter length of the ith 

crowd cluster’s contour 𝑑!,!  
Shortest diameter length of the ith 

crowd cluster’s contour 

𝜆!  	  
Larger eigenvalue of the ith crowd 

cluster’s contour 𝜆!   
Smaller eigenvalue of the ith crowd 

cluster’s contour 

𝛼	   Significance level of the clustering 
algorithm  𝑃!   

Perimeter of ith crowd cluster’s 
contour 

𝐷𝑅!
(!) Detection range of UGV based on the 

horizontal field of view EDD 
Effective detection depth of UGV’s 

camera sensor 

𝑉! 	  
Required number of UGVs to cover the 

ith crowd cluster 𝑇𝑆! 
Number of UGVs assigned to the ith 

cluster 

𝑜! 
Number of occupied cells (i.e. low 

fidelity information) of the ith cluster 𝑁!  Total number of available UGVs  

𝐵! min  {𝑜! ,𝑉!}   𝐶 Number of crowd clusters 
𝑓! Utility function 𝑓! Smoothness index 

 

5.2.1  Geometry of Crowd Clusters 

In this work, crowd clustering is accomplished by using Gaussian mixture models 

(Raftery, 2015)  to provide the number of clusters as well as model parameters (i.e. mean vector 

and covariance matrix) of each cluster.  Since the clusters’ contour is projected as an ellipse 

using Gaussian mixture models, the geometry of the multivariate normal distribution is used to 

determine the crowd clusters’ geometry.  In this regard, the longest diameter of the ellipse is in 

the direction of the eigenvector associated with the larger eigenvalue, and the other eigenvector 
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represents the direction of the shortest diameter of the ellipse.  The lengths of these diameters are 

calculated as 

𝑑!,! = 2(𝜆!  𝜒!,!! )! !                                                      Eq. (5.1) 

𝑑!,! = 2(𝜆!  𝜒!,!! )! !                                                      Eq. (5.2) 

 

where 𝑑!,! and 𝑑!,! are the longest and the shortest diameters of the ith crowd cluster’s contour, 

respectively (see Figure 5.2); 𝜆!  and 𝜆!   are its larger and smaller eigenvalues, and 𝛼 is the 

significance level of the clustering algorithm.  

 

 

Figure 5.2: Geometry of a crowd cluster and its associated parameters 

 

5.2.2 Defined Crowd Cluster Types 

In this section, three types of crowd clusters are defined by comparing the geometry of 

each cluster with the detection area of UGVs (see Figure 5.3).  

 

di,L

di,S
Cluster’s 
contour



93 
	  

 

Figure 5.3: Illustration of three types of crowd clusters 

 

As shown in this figure, type 1 crowd cluster has a contour narrower than the UGV’s 

detection area.  Therefore, locating UGVs on one side of the cluster can cover the whole crowd.  

The contour of type 2 crowd cluster is wider than the one in type 1 and to cover the whole 

crowd, UGVs are required on two sides of the cluster.  In type 3, the crowd cannot be covered by 

UGVs on one or two sides of the contour, and UGVs are required in different directions.   

To determine the required number of UGVs for each type of crowd clusters, let 𝑉! 

represent the required number of UGVs to cover the ith crowd cluster.  Moreover, 𝐷𝑅!!  and EDD 

are the UGV’s detection range in the horizontal direction and effective detection depth, 

respectively.  More details of the UGV’s detection module and its parameters were described in 

Section 3.3.1.  Table 5.2 provides the required number of UGVs for each type of crowd clusters, 

Type 1

Type 3

Type 2

` `

UAV’s detection area

UGV’s detection area

High fidelity information 

Low fidelity information

Cluster’s contour
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where the notation of Eq. (3.4) is used.  As shown in this table, for the first two types of crowd 

clusters, their contours’ diameters length (i.e. 𝑑!,! and 𝑑!,!), and for the third one the perimeter of 

the contour (i.e. 𝑃!) is considered to determine the lower and upper bounds of the required 

number of UGVs. 

 

Table 5.2: Three types of crowd clusters and their required number of UGVs 

Crowd Cluster Explanation Required number of UGVs 

Type 1 𝑑!,! ≤ 𝐸𝐷𝐷
 

𝑑!,!
𝐷𝑅!

(!) ≤ 𝑉! ≤
𝑑!,!
𝐷𝑅!

(!)
 

Type 2 EDD< 𝑑!,! ≤ 2𝐸𝐷𝐷 
2𝑑!,!
𝐷𝑅!

(!) ≤ 𝑉! ≤
2𝑑!,!
𝐷𝑅!

(!)  

Type 3 𝑑!,! > 2𝐸𝐷𝐷 
𝑃!

𝐷𝑅!
(!) ≤ 𝑉! ≤

𝑃!
𝐷𝑅!

(!)  

 

It is noted that in all three types of crowd clusters, using the lower bound of the required 

number of UGVs may affect the coverage performance, thus there is always a trade-off between 

assigning a smaller group of UGVs to a cluster and covering the whole boundary, considering 

the fact that not all the boundary parts include individuals.  Also, in the third case, the team of 

UGVs is designated around the cluster’s contour that results in some inner parts of the crowd to 

be uncovered.  However, those uncovered crowd individuals will need to come near to the 

boundary of the cluster to escape or split, so the UGVs can still follow them. 

 

5.2.3 Resource Allocation 

In real scenarios, due to the limited number of resources (i.e. UGVs), it may not be 

always possible to assign the required number of UGVs (𝑉!) to each cluster.  Given the decision 

variable 𝑇𝑆! as the number of UGVs assigned to the ith cluster, the number of occupied cells (i.e. 
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low fidelity information) of the ith cluster, 𝑜!, and the total number of available UGVs,  𝑁! , we 

assume for each cluster, the inequality 𝑇𝑆! ≤ 𝑜! holds, meaning that the number of assigned 

UGVs to a cluster cannot exceed the number of occupied cells in that particular cluster.  

Furthermore, 𝐵! is defined as min  {𝑜! ,𝑉!} and C is the number of clusters.  If 𝐵!!
!!! ≤ 𝑁!  then 

𝑇𝑆! = 𝐵!, which means there exist the required number UGVs for assigning to the entire crowd 

clusters.  If 𝐵!!
!!! > 𝑁! , then strategy maker should determine how to distribute UGVs among 

different crowd clusters.  In this case, 𝑇𝑆! 𝑉! shows the proportion of the required number of 

UGVs assigned to the ith cluster, and the term (𝑇𝑆! 𝑉!)𝑜! gives the coverage of the occupied cells 

in the ith cluster.  So the utility function (𝑓!) is defined as the normalized overall coverage of all 

clusters as follows: 

 

𝑓! =
!"!
!!
𝑜!!

!!! 𝑜!!
!!!                                                       Eq. (5.3) 

 

Based on the defined utility function, the strategy maker can determine the optimal 

number of UGVs assigned to the ith crowd cluster (𝑇𝑆! ) using the optimization problem 

formulated in Equation (5.4).  

 

max 𝑓!                                                                Eq. (5.4) 

                                           subject to 

                                                       𝑇𝑆!!
!!! ≤ 𝑁!  

                                                        0 ≤ 𝑇𝑆! ≤ 𝐵!  

                                                          𝑇𝑆! integer 
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Here the first constraint implies that the total number of assigned UGVs cannot exceed 

available resources and the second constraint determines the lower and the upper bounds of the 

decision variable.  This optimization problem is deterministic and can be solved using integer 

linear programming methods, which result in the optimal number of UGVs assigned to different 

crowd clusters.  It should be noted that the solutions to the optimization problem depend on the 

selection of 𝑉! (lower and upper bounds are given in Table 5.2).  Future extensions of this work 

can investigate the impact of 𝑉!. 

Table 5.3 provides a numerical experiment involving four different test scenarios to 

investigate the effects of different cluster patterns on the optimization problem mentioned above.  

As shown in this table, even though by maximizing the utility function the overall coverage of all 

clusters is optimized, the UGVs may not be uniformly assigned to all clusters.  This might be an 

issue as some clusters might have a few or no assigned UGVs (i.e. 𝑇𝑆!=0).  

 

Table 5.3: Experimental results for resource allocation with 8 available UGVs 

Test 
scenarios 

Cluster 
index  

i 

Low fidelity 
information  

 𝑜! 

Required number 
of UGVs 

 𝑉! 

Allocated number 
of UGVs  
𝑇𝑆! 

Cluster coverage 
(𝑇𝑆! 𝑉!)𝑜! 

Case 1 
1 100 12 8 66.6 
2 10 2 0 0 

Case 2 
1 100 12 8 66.6 
2 30 5 0 0 

Case 3 
1 100 12 1 8.3 
2 60 7 7 60 

Case 4 1 100 12 0 0 
2 90 10 8 72 
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In this work, to overcome the issue mentioned above (i.e. not uniform assignment of 

UGVs), smoothness index (𝑓!) is defined as 

 

𝑓! = 𝑀 −𝑚                                                         Eq. (5.5) 

 

where 𝑚 ≤ 𝑇𝑆! 𝑉! ≤ 𝑀.  In case there is a need to assign the available UGVs uniformly among 

the crowd clusters, the optimal number of UGVs assigned to the ith crowd cluster (𝑇𝑆!) can be 

determined using the following optimization problem:  

 

min 𝑓!                                                                 Eq. (5.6) 

                                           subject to 

                                                       𝑚 ≤ 𝑇𝑆! 𝑉! ≤ 𝑀 

                                                        𝑇𝑆!!
!!! ≤ 𝑁!   

                                                        0 ≤ 𝑇𝑆! ≤ 𝐵!  

                                                          𝑇𝑆! integer 

 

This optimization model by itself has no practical meaning since there is no requirement 

to assign vehicles to any crowd clusters.  Thus, 𝑇𝑆!=0, for all i is a feasible solution with zero 

objective.  However, placing it as a part of multi-objective optimization model will force the 

optimal solution to be non-zero.  This requires the formulation of a multi-objective optimization 

problem, whose details will be provided in Section 6.1.1. 
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5.3 Experiments and Results 

Figure 5.4 illustrates two snapshots of the simulation environment, where a team of 

unmanned vehicles consists of one UAV and two UGVs following a single crowd (containing 40 

individuals).  Then after 40 seconds, the crowd starts to split into two clusters with different 

number of individuals in each cluster.  The performance (i.e. coverage percentage) of the UAV 

for 100 seconds is shown in Figure 5.5.  As shown in this figure, the coverage percentage of the 

crowd using low fidelity information obtained by UAV starts to decrease after 40 seconds as the 

two crowds splits and get far from each other.  During this time, the UAV attempts to follow 

both clusters until 70 seconds.  After this time, due to the distance between two clusters, UAV 

starts to go after the cluster with a more occupied cell (i.e. low fidelity information), which 

results in the loss of 38% (i.e., low fidelity information of the smaller cluster) of the coverage 

percentage. Based on this experiment, there is only 30 seconds time to form a new team of 

unmanned vehicles for tracking the other cluster.  During this time, the type of the each cluster is 

first identified, and then the UGVs are assigned based on the available resources. 

 

   

Figure 5.4: Demonstration of crowd splitting behavior in agent-based simulation 
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Figure 5.5: Coverage percentage reduction due to crowd splitting 

 

5.4 Summary 

In this chapter, we have proposed a team formation approach by assigning teams of 

unmanned vehicles for crowd surveillance.  The motivation comes from a crowd splitting 

scenario, where different teams are used to follow the crowd clusters.  Various steps of the 

proposed approach were explained in detail.  In this regard, three types of crowd clusters are 

defined by comparing their geometry and the detection area of the UGVs.  For each type of 

clusters, the lower and the upper bounds of the required number of UGVs are determined. 

Moreover, optimization problems were provided for allocating different numbers of UGVs to the 

crowd clusters. Numerical experiments revealed that there is a trade-off between optimizing 

overall coverage of all clusters and uniform assignment of UGVs among clusters. Simulation 

experiments also demonstrated the time sensitivity of the team formation of unmanned vehicles 

to avoid reductions in the system performance. 
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CHAPTER 6 

6 ANALYSIS OF UAV/UGV CONTROL STRATEGIES  

In this chapter, various control strategies for the collaborative operation of UAVs and 

UGVs in performing crowd surveillance mission are provided.  To this end, control strategies for 

team formation, information aggregation, and motion planning of unmanned vehicles are firstly 

introduced.  Next, various factors affecting these control strategies are explained.  Moreover, a 

method for determining the value of the control strategy parameter for aggregation of low and 

high fidelity information is proposed.  Finally, experimental studies are conducted to evaluate the 

effectiveness of our proposed method in terms of the crowd coverage percentage as the system 

performance. 

 

6.1 Control Strategies 

In our developed DDDAMS-based planning and control framework (see Figure 3.1), 

crowd detection, tracking, and motion planning modules must work in a coordinated manner to 

select control strategies using the integrated planner.  Then, the selected control strategies during 

the planning stage are used in an integrated controller for generating the control command for 

UAVs and UGVs.  For each of these modules (i.e. crowd detection, tracking, and motion 

planning), different control strategies can be determined to achieve the best objectives under 

different circumstances.  In the crowd detection module, the control strategy determines the 

assignment of the vehicles to different crowd clusters.  In the crowd tracking module, the control 

strategy determines the aggregation of low and high fidelity information.  In the motion planning 

module, the control strategy is used to the balance among different objectives (i.e. minimizing 

the traveling distance and minimizing a change in altitude/elevation) in choosing vehicles’ paths.  
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In this regard, different control strategies are devised during the planning stage for each of 1) 

team formation, 2) information aggregation, and 3) motion planning of UAVs and UGVs. 

 

6.1.1 Control Strategies for Team Formation 

As described in Chapter 5, team formation of unmanned vehicles plays a key role when 

the crowd splits into clusters to reduce the risk of being followed by the unmanned vehicles.  In 

such situations, two objectives (i.e. 𝑓!, 𝑓!) are provided in Section 5.2.3 for allocating UGVs 

among different crowd clusters. 𝑓!  is the utility function defined as the normalized overall 

coverage of all clusters and 𝑓! is the smoothness index for uniform assignments of UGVs among 

clusters.  In real scenarios, the strategy maker may need to find the trade-off between these two 

objectives to optimize a composite objective including both maximizing the utility function (𝑓!) 

and minimizing the smoothness index (𝑓!) (see Section 5.2.3 for more details). 

In finding the trade-off between the objectives, a multi-objective programming 

methodology is used.  Instead of the optimal solution, we intend to find non-dominated solutions 

in which no objective can be improved without worsening the other.  To find the most 

appropriate solution method, the preference information obtained from the strategy maker is 

needed and used.  Therefore, based on the structure of this information, many particular methods 

were developed in the literature.  A comprehensive summary of the most important methods can 

be found in Zarghami and Szidarovszky (2011).  The application of the lexicographic method 

needs ordinal preference order, and some objectives can have unfavorable values in the result.  

This disadvantage is eliminated by the ε-constraint method.  However, there is no guarantee the 

solution is non-dominated.  Distance-based methods need the choice of the most appropriate 

distance type and the weights for the objectives.  The selection of the distance type is usually a 
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very difficult problem, and most distances lead to a complicated non-linear optimization 

problem.  If this problem is non-convex, then the obtained solution might be only sub-optimal.  

To avoid the mentioned difficulties, we selected the weighting method, which is a special case of 

distance-based methods selecting a particular distance type.  This method has an advantage that 

the problem remains linear if both objectives and all constraints are linear.  Therefore, the 

solution is simple.  

By using the weighting method, the multi-objective optimization problem for resource 

allocation in team formation of unmanned vehicles is reduced to the following: 

 

max𝑤!𝑓! − (1− 𝑤!)𝑓!                                               Eq. (6.1) 

                                           subject to 

                                                       𝑚 ≤ 𝑇𝑆! 𝑉! ≤ 𝑀 

                                                        𝑇𝑆!!
!!! ≤ 𝑁!   

                                                        0 ≤ 𝑇𝑆! ≤ 𝐵!  

                                                          𝑇𝑆! integer 

 

where 0 ≤ 𝑤! ≤ 1 is the control strategy parameter for team formation of the unmanned vehicle 

by determining the importance weight of different criteria (i.e. normalized overall coverage and 

smoothness index).  This is a deterministic linear programming problem with any choice of 𝑤!, 

so mixed integer-real linear optimization model can be used.  Altering the value of 𝑤! results in 

different control strategies for conducting the team formation and allocating available UGVs to 

the crowd clusters.  All solutions are Pareto optimal, and all Pareto solutions can be obtained by 

appropriate choice of the 𝑤!.  As 𝑤! gets closer to 1, the overall coverage of all clusters will be 
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increased, but the UGVs may not be assigned uniformly to all the clusters.  On the other hand, by 

decreasing the value of 𝑤! closer to 0, UGVs will be assigned uniformly to the clusters, but the 

overall coverage may not be optimal.   

Table 6.1 provides a numerical experiment involving four different test scenarios to 

investigate the effects of different cluster patterns and control strategy parameter (i.e. 𝑤!) on the 

number of UGVs assigned.  

 

Table 6.1: Experimental results for resource allocation using multi-objective optimization 

problem with 8 available UGVs 

Test 
scenarios 

Cluster 
index 

i 

Low fidelity 
information 

𝑜! 

Required 
number of 

UGVs 
𝑉! 

𝑤! = 0.5 𝑤! = 1 

Allocated 
number of 

UGVs 
𝑇𝑆! 

Cluster 
coverage 
(𝑇𝑆! 𝑉!)𝑜! 

Allocated 
number of 

UGVs 
𝑇𝑆! 

Cluster 
coverage 
(𝑇𝑆! 𝑉!)𝑜! 

Case 1 
1 100 12 6 50 8 66.6 
2 10 2 1 5 0 0 

Case 2 1 100 12 6 50 8 66.6 
2 30 5 2 12 0 0 

Case 3 
1 100 12 5 41.6 1 8.3 
2 60 7 3 25.7 7 60 

Case 4 
1 100 12 4 33.3 0 0 
2 90 10 4 36 8 72 

 

As shown in this table, by setting 𝑤! to 0.5, UGVs assigned to each cluster were more 

uniformly distributed compared with 𝑤! = 1, where the UGVs were assigned in an imbalanced 

manner.  Furthermore, the overall coverage of two clusters by setting 𝑤! to 0.5 is less in 

comparison with the situation where 𝑤! equals 1.   
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6.1.2 Control Strategies for Information Aggregation 

As described in Section 3.3.2, different approaches are used in the crowd tracking module 

for prediction of low and high fidelity information obtained by UAVs and UGVs, respectively.  

In collaborative operation of aerial and ground vehicles, combining their predicted information 

could be used to improve the effectiveness of the surveillance mission (i.e. coverage percentage).  

To achieve that, we have adopted an information aggregation method proposed by Yuan et al. 

(2015).   

In this method, the predicted occupancy probability of each cell located in lth row and mth 

of the low fidelity map of the environment (𝑃(!,!)
(!) ) is firstly calculated (see Section 3.3.2 for 

more details of calculating this probability).  Next, UGVs’ predicted high fidelity information are 

used to calculate the predicted probability of each cell 𝑃(!,!)
(!) ).  Finally, the two probability values 

are aggregated using the weighting method as follows:  

 

𝑤!𝑃(!,!)
(!) + (1− 𝑤!)𝑃(!,!)

(!)                                               Eq. (6.2) 

 

Similar to the aggregation of 𝑓! and 𝑓! in the previous section, 0 ≤ 𝑤! ≤ 1 here is the 

control strategy parameter for information aggregation.  It is noted that by using this aggregation 

method, an appropriate average is computed, which is a linear combination of the two values (i.e. 

𝑃(!,!)
(!)  and 𝑃(!,!)

(!) ).  In this case, no optimization is performed and only the aggregated value is 

used as the output of the tracking module.  More details of this information aggregation method 

can be found in Yuan et al. (2015).   
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6.1.3 Control Strategies for Motion Planning 

In motion planning of UAVs and UGVs, control strategies are used to determine the 

relative importance of different criteria for selecting a path (i.e. waypoints) from the start 

location of vehicles to their destinations.  As describes in Section 3.3.3, upon the determination 

of the destinations of UAV/UGV, the corresponding path can be determined via A* algorithm 

based on two different objective functions (i.e. 𝑔!,𝑔!), where each objective function results in 

different optimal paths.  By choosing 𝑔!, A* will find the path that minimizes the vehicle 

travelling distance (Euclidian distance) from the starting location to the destination location 

during each control interval (Δ𝑡) and by selecting 𝑔!, the path that minimizes the vehicle 

altitude/elevation change will be found to increase the endurance (i.e. reduce the fuel 

consumption) of the vehicles.  In this regard, there are two objectives for each vehicle.  In real 

scenarios, the strategy maker may need to find the trade-off between these objectives, where the 

two objectives are aggregated to find the optimal path.  Figure 6.1 depicts three different paths 

based on the two objectives, and their aggregation.   

 

 

(a)                                       (b)                                         (c) 

Figure 6.1: Three UAV/UGV paths with minimizing (a) travel distance, (b) altitude/elevation 

change, and (c) the aggregated of the two objectives 
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One approach of the aggregating the two objective functions is weighting method. 

Therefore, by replacing the two objectives functions (i.e. 𝑔!,𝑔!), with a single objective, A* 

algorithm can be applied for finding the optimal path.  However, 𝑔!  and 𝑔! are measured in 

different scales.  To overcome this difficulty, the normalized objectives are used to transform the 

lower and the upper bounds function values to 0 and 1, respectively.  So the new objective will 

have the same scale with no units.  The generic normalization formula can be written as   

 

𝑔! = (𝑔! −𝑚!) (𝑀! −𝑚!)                                         Eq. (6.3) 

 

where 𝑔!  (i=1,2) are the ith objective associated with decision vector 𝐃! 𝑡 = {[𝑥! 𝑡 +

1 ,𝑦! 𝑡 + 1 , 𝑧! 𝑡 + 1) ,⋯ , [𝑥! 𝑡 + Δ𝑡 ,𝑦! 𝑡 + Δ𝑡 , 𝑧! 𝑡 + Δ𝑡) }  during the control interval 

(Δ𝑡 ), and 𝑚! = min𝑔!  and 𝑀! = max𝑔! .  Notice that 𝑔! ∈ [0,1] .  Using the normalized 

objective functions (i.e. Eq. (6.3)), the weighted average of the two objectives is expressed by a 

composite objective defined as 

𝑤!𝑔! + (1− 𝑤!)𝑔!                                           Eq. (6.4) 

 

where 0 ≤ 𝑤! ≤ 1 is the control strategy parameter for motion planning of the vehicles by using 

the importance weight of the different criteria (i.e. vehicle traveling distance and 

altitude/elevation change).  

 

6.2 Analysis of Control Strategies 

As described previously, control strategies are used to determine the importance weight 

of team formation, information aggregation, and motion planning of UAVs and UGVs on 
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different criteria.  Table 6.2 summarizes these criteria and their importance weights, where the 

vector (𝑤!,𝑤!,𝑤!) is used to express the control strategies’ parameters. 

 

Table 6.2: Importance weights of team formation, information aggregation, and motion planning 

with their criteria 

Notation Criteria Importance Weight 

Team Formation Normalized overall coverage 𝑤! 

Smoothing index of UGV assignment 1− 𝑤! 

Information Aggregation 
Low fidelity information 𝑤! 

High fidelity information 1− 𝑤! 

Motion Planning	  
Vehicle traveling distance 𝑤! 
Altitude/Elevation change 1− 𝑤!  

Here, selecting efficient and robust control strategies during the planning stage is quite 

challenging.  It requires a significant amount of iterations and parameters tuning, and may not be 

feasible in real scenarios due to the time constraint when there is a need to update control 

strategies in a short time interval.  In this regard, determining the factors affecting the decision of 

the strategy maker can have a high impact on the reduction of the planning time.  These factors 

can be categorized into three major sets:  

• Operator policies  

• Environmental uncertainties  

• Vehicles’ specifications 

Obtaining knowledge about these factors can guide the strategy maker on providing the 

fast-response control strategies in performing crowd surveillance.  Considering the team 

formation, the operator policies are key players in making a decision and determining a control 

strategy.  In this case, the operator may decide to increase the overall coverage of all clusters by 
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making the value of 𝑤! closer to one.  However, UGVs are not guaranteed to be assigned 

uniformly to crowd clusters in these situations.  On the other hand, by decreasing the value of 

𝑤!, UGVs are assigned more uniformly to the clusters in the cost of compromising the overall 

coverage.   

Environmental uncertainties such as the weather condition can influence the control 

strategy for aggregating high and low fidelity information.  As an example, in case of cloudy 

weather, the value of 𝑤! will become closer to zero, as the low fidelity information gathered 

from UAVs at a high altitude will be less accurate than UGVs moving on the ground closer to 

the crowd.  In addition, the dynamic behavior of the crowd in terms of their dispersion can also 

influence the value of 𝑤!  and the information aggregation method.  Finally, the vehicles 

specifications, such as their battery level, can affect the value of 𝑤!.  In this regard, vehicles with 

less energy may consider taking paths with minimum altitude/elevation change to increase their 

operation time.  Among various factors that can influence the selection of control strategies, this 

work emphasizes on the environmental uncertainties.  Specifically, the crowd dispersion and its 

effect on the value of 𝑤! have been chosen for further analysis.   

As discussed in Section 6.1.2, the predicted occupancy probability of each cell located in 

lth row and mth column of the low fidelity map of the environment can be calculated as 𝑃(!,!)
(!) .  

Figure 6.2 illustrates two exemplary cases of different values for the cells’ occupancy 

probabilities and their histograms.  
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(a) Case 1                                                         (b) Case 2 

Figure 6.2: Two case studies of cells’ occupancy probabilities with their histograms 

 

As shown in this figure, even though in case 1 there are no cells with very high 

occupancy probabilities, the width of the peak for cells’ occupancy probabilities are smaller than 

that of case 2.  On the other hand, in case 2, the cells at the center of the low fidelity map of the 

environment have very high occupancy probabilities.  However, compared with case 1, the width 

of the peak for cells’ occupancy probabilities is larger as there exist cells with very low 

occupancy probabilities.  For this reason, in case 2 the low fidelity information obtained by a 

UAV will have less influence on the information aggregation, and a smaller control strategy 

parameter (𝑤!) needs to be chosen than that of case 1.  
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In order to find the most appropriate value of 𝑤!, we need a quantification of the crowd’s 

dispersion.  As shown in the literature (e.g. (NIST/SEMATECH, 2012)), the kurtosis is usually 

used to characterize the width of peak for a probability distribution, which can be adapted to our 

case as 

 

𝑘! = 𝐸[(𝑃(!,!)
(!) − 𝑃!)!] 𝐸[(𝑃(!,!)

(!) − 𝑃!)!]
!
                        Eq. (6.5) 

 

where 𝑃(!,!)
(!)  is the estimated occupancy probability of cell located in lth row and mth column of 

the low fidelity map of the environment and 𝑃! is the mean.  In this regard, the kurtosis of case 1 

is 1.6980, and that of case 2 is 3.2133.  As shown in this example, the dispersion of the crowd 

causes a higher value of kurtosis. 

In order to use the calculated kurtosis for the determining the value of the control strategy 

parameter (i.e. 𝑤!), we have transformed the domain of 𝑘!, which is by definition between zero 

and positive infinity to the domain of the control strategy (i.e. between 0 and 1).  While there are 

many such functions to select from, a single exponential function has been chosen in our study as 

shown below: 

 

𝑤! = 𝑒!!
!!
!!                                                       Eq. (6.6) 

 

where 𝑠! is the summation of the cells’ occupancy probabilities at time t.  The reason behind this 

type of function is the following.  A larger 𝑠! value means overall cells’ occupancy probabilities 

are higher.  This results in the low fidelity information obtained by UAV to have more influence 
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on the information aggregation.  If 𝑘! is bigger, the individuals are more dispersed meaning the 

low fidelity information obtained by UAV will be less influential.  For this reason, using Eq. 

(6.6) the value of 𝑤! increases in 𝑠! and decreases in 𝑘!.  In addition, the value of A can be 

estimated from historical data by a linear regression model as shown below: 

 

𝐴 !!
!!
+ ln𝑤! = 0                                                      Eq. (6.7) 

 

6.3 Experiments and Results 

To evaluate the performance of the proposed method for selecting efficient and robust 

control strategies required for collaborative operation of UAVs and UGVs, a hypothetical 

scenario has been considered, where a crowd of 20 individuals disperse gradually as the time 

increases.  This dispersion has been done in the simulation by altering the direction and velocity 

of individuals.   

In Figure 6.3 the blue line (marked by !) shows the coverage percentage of the crowd, 

where the control strategy parameter of information aggregation (𝑤!) is equal to one (i.e. crowd 

tracking using only low fidelity information).  It is observed that by increasing the time and more 

dispersion of the crowd, the coverage percentage reduces.  To overcome this issue, the UAV’s 

predictions have been aggregated with UGV’s predictions using the control strategy parameter 

(𝑤!) determined by the proposed approach in Section 6.2 (See Figure 6.4).   

The coverage percentage of the crowd using the generated 𝑤! values has been shown 

with the green line (marked by ×) in Figure 6.3.  As shown in the figure at the beginning of the 

simulation, the crowd is less dispersed and the generated 𝑤! values have less effect on the 

coverage percentage.  But, by increasing the crowd’s dispersion during the time, the coverage 
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percentage has improved significantly by the information aggregation of high and low fidelity 

information. 

 

 

Figure 6.3: Improvement of the system performance (i.e. coverage percentage) using information 

aggregation with generated values of the control strategy parameter (i.e. 𝑤!) 

 

 

Figure 6.4: Generated values of the control strategy parameter (i.e. 𝑤!) 
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6.4 Summary 

In this chapter, we studied various control strategies in collaborative operations of UAVs 

and UGVs for crowd surveillance.  These control strategies have been used for team formation, 

information aggregation, and motion planning of unmanned vehicles.  Various factors affecting 

these control strategies have been introduced and among them, crowd dispersion has been chosen 

for our major analysis.  A method for determining the value of the control strategy parameter for 

aggregation of low fidelity information from UAVs with high fidelity information from UGVs 

was also introduced by using kurtosis as a statistical measurement to indicate the dispersion of 

the crowd.  The experimental results revealed the improvement of the coverage percentage of the 

crowd using the generated values of the control strategy parameter.  
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CHAPTER 7 

7 CONCLUSIONS AND FUTURE WORK 

7.1 Summary of Research Work 

In this dissertation research, we have designed, developed, and demonstrated a hardware-

in-the-loop dynamic data driven adaptive multi-scale simulation (DDDAMS) system for 

effective and efficient crowd surveillance via collaborative operations of UAVs and UGVs.  The 

major techniques designed and developed are a simulation-based planning and control 

methodology and agent-based modeling and simulation.  

 In this regard, a comprehensive DDDAMS-based planning and control framework 

consisting of an integrated controller, integrated planner, decision module for DDDAMS, and 

real system has been proposed.  In the proposed framework, the integrated controller, which 

includes the command generator and the hardware interface is used for controlling unmanned 

vehicles.  The integrated planner consisting of the strategy maker supports the effectiveness of 

the crowd surveillance mission, while the decision module for DDDAMS supports the 

computational efficiency of the system by utilizing low and high fidelity information obtained by 

aerial and ground vehicles, respectively.  In addition, both the integrated controller and planner 

of this framework consist of crowd detection, tracking, and motion planning modules for 

performing surveillance mission during the planning and control stages. 

To evaluate the effectiveness and computational efficiency of the proposed framework, 

an agent-based hardware-in-the-loop simulation testbed has been implemented by integrating 

various hardware and software components.  In this testbed, an agent-based simulation is used in 

the fast mode to evaluate different control strategies during the planning stage while generating 

control commands in the real-time mode during the control stage.  Moreover, a hardware 
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interface is used for receiving dynamic sensory data from real hardware and sending back the 

generated control commands.  To maintain the system performance (i.e. coverage) in case of the 

crowd splitting into clusters, an effective team formation approach has been proposed by 

assigning the unmanned vehicles to different crowd clusters using their geometry as well as 

available resources.  Based on our assumption where a UAV and multiple UGVs are considered 

as a team, optimization models have been formulated and used to allocate a different number of 

UGVs to the crowd clusters in the considered area.  Moreover, effective control strategies for 

each of team formation, information aggregation, and motion planning of unmanned vehicle 

have been studied as well.  In this regard, a method based on the dispersion of the crowd has 

been also proposed to determine the control strategy parameter for information aggregation.   

In conclusion, this dissertation work has provided a platform consisting of a framework 

and a testbed for both the research community and practitioners using unmanned vehicles.  We 

believe this platform can be used as a foundation for other researchers to incorporate and 

evaluate their algorithms under an integrated and coordinated manner.  This research work has 

made significant contributions in the following areas: 1) simulation-based planning and control, 

2) agent-based modeling and simulation and 3) surveillance using a multi-vehicle system.  They 

are summarized in the following sections.  

 

7.1.1 Contributions in Simulation-based Planning and Control  

In this research, we have proposed a comprehensive DDDAMS-based planning and 

control framework for crowd surveillance via UAVs and UGVs.  While simulation-based 

planning and control methodology has been already studied in other disciplines such as 

manufacturing and supply chain, our proposed framework has made several unique 
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contributions.  First, dynamic sensory data of vehicles are incorporated into the simulation-based 

planning and control system.  In his regard, GPS data are used for motion planning of vehicles 

by determining their geographical locations. Moreover, vision-based data are used for crowd 

detection to determine the observed crowd locations, which are then used for crowd tracking 

based on a two-level system hierarchy (i.e. high and low fidelity information).  Second, terrain 

elevation data obtained from GIS are incorporated into the framework, which are utilized for 

motion planning of vehicles to increase their endurance by reducing the fuel consumption.  

 

7.1.2 Contributions in Agent-based Simulation and Modeling 

Agent-based modeling and simulation is a powerful technique, which has been 

extensively used for analyzing various complex systems.  An agent-based simulation system 

developed in this research, however, is unique in a way that can be used not only for the analysis 

purposes but it can also be used to control a real system.  In this regard, an agent-based 

hardware-in-the-loop simulation testbed is implemented, which has the capability of 

communicating with real UAVs and UGVs using a hardware interface.  The developed agent-

based simulation has the feature of running in the fast mode during the planning stage while 

running in the real-time mode during the control stage.  Moreover, by mapping the GIS 

environment to a 3D Environment, our simulation has the capability of incorporating terrain 

elevation data and generating control commands (i.e. waypoints) for vehicles’ navigation.  

 

7.1.3 Contributions in Surveillance using Multi-vehicle Systems  

In this research, a two-level system hierarchy has been presented by defining low and 

high fidelity information. These fidelities are based on the accuracy of crowd information 
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obtained by aerial and ground vehicles.  While we have focused on the crowd surveillance 

mission of unmanned vehicle systems under a border patrol scenario, the two-level system 

hierarchy addressed in this work can be applicable to other applications involving multi-vehicle 

systems. 

 

7.1.4 Firsts in This Research 

To the best of our knowledge, the followings have been achieved first in this dissertation 

research.  

• Proposed a DDDAMS-based planning and control framework for crowd surveillance 

via UAVs and UGVs by defining two fidelity levels and incorporating dynamic 

sensory data obtained by onboard sensors of the vehicles for crowd detection, 

tracking, and motion planning 

• Proposed an agent-based hardware-in-the-loop simulation testbed, where the 

simulation is used as the strategy maker during the planning stage while acting as the 

command generator for controlling unmanned vehicles during the control stage  

• Utilized GIS environment in addition to the 3D environment to incorporate terrain 

elevation data into the agent-based simulation for determining the path of the 

unmanned vehicles based on two objective functions: 1) minimizing the vehicle 

travelling distance 2) minimizing the vehicle altitude/elevation change to increase its 

endurance (i.e. reduction in the fuel consumption)  

• Utilized a hardware interface for communications between agent-based simulation 

and unmanned vehicles  
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•  Proposed a team formation approach by allocating unmanned vehicles to different 

crowd clusters using their geometry and available number of resources based on two 

different criteria (i.e. overall coverage of all clusters, uniform assignment among 

clusters), which are the basis for a multi-criteria optimization. 

• Proposed a method for determining the value of the control strategy parameter for 

aggregation of low fidelity information from UAVs with high fidelity information 

from UGVs using kurtosis as a statistical measurement  

 

7.2 Future Research Directions  

While this dissertation has presented significant initial efforts towards designing and 

developing a simulation-based planning and control system for crowd surveillance via 

collaborative operation of UAVs and UGVs, there are a great deal of additional research 

opportunities to be considered.   

The methodological aspect of the research described in this dissertation can be extended 

in two directions.  First, in our proposed framework only a two-level system hierarchy is used 

based on the low and high fidelities of information obtained by aerial and ground vehicles, 

respectively.  However, increasing the level of the system hierarchy can expand the spatial or 

temporal scope of the surveillance mission, which poses great challenges to the analysis and 

utilization of additional fidelity levels.  Second, in our proposed framework we considered crowd 

detection, tracking, and motion planning as the three major tasks in performing surveillance 

mission via unmanned vehicles. However, increasing the capability of the unmanned vehicles 

requires extra functional modules (e.g. searching) as well as algorithmic enhancements of 

existing modules (e.g. collision avoidance in motion planning).  
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In addition to the methodological aspect, applications of this research can be also 

extended.  In this work, we considered only the border patrol application for performing a crowd 

surveillance mission via unmanned vehicles and, therefore, utilized the terrain elevation from 

GIS in our research.  However, the surveillance mission of unmanned vehicles is not limited to 

the border area.  There is a variety of applications of unmanned vehicles for performing 

surveillance mission in urban environments.  Public safety, traffic control, and security watch are 

a few examples of such applications.  In these applications, in addition to the GIS data, virtual 

3D city models such as CityGML® (http://www.citygml.org/) are also required for planning and 

control of unmanned vehicles. 
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APPENDIX A 

INSTALLATION OF SOFTWARE COMPONENTS 

In this appendix, we demonstrate how to install and configure various software 

components for the implementation of agent-based hardware-in-the-loop simulation testbed (see 

Figure 4.1).  In this work, we have used a ground control station for running Java-based Repast 

Simphony®, while communication with tracking and motion planning algorithms implemented in 

Python.  Moreover, ROS® is used as the hardware interface to provide the communication with 

unmanned vehicles. 

 

A.1 Instruction of Installing Repast Simphony® 

Repast simphony® has the capability of running on various operating systems (i.e. 

Windows®, Mac OS X®, and Linux® machines).  In this work, due to the compatibility with the 

other of modules such as ROS®, we have used Ubuntu® 14.04 (http://www.ubuntu.com/), which 

is an open source and a secure distribution of Linux and has widely been used in both academic 

and industry.  Repast Simphony® uses Eclipse®  (https://eclipse.org/), which is an integrated 

development environment (IDE) for developing applications in Java or other programming 

languages.  Below are the instructions on installing Repast symphony® on the ground control 

station: 

1. Download the eclipse IDE for Java Developers (https://eclipse.org/) 

2. Open a terminal and run the following command 

• cd Downloads 

• tar -zxvf eclipse-java-luna-SR2-linux-gtk-x86_64.tar.gz  

• sudo mv eclipse /opt 
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• sudo ln -s /opt/eclipse/eclipse /usr/local/bin/eclipse 

• sudo add-apt-repository ppa:webupd8team/java 

• sudo apt-get update 

• sudo apt-get install oracle-java7-installer  

• java -version 

• eclipse 

3.  Install the Repast symphony® and its additional requirement using Eclipse update 

manager:  

• Form http://dist.springsource.org/release/GRECLIPSE/e4.4, install Extra Groovy 

Compilers and Groovy-Eclipse   

• From http://mirror.anl.gov/repastsimphony/2.2.0/, install Repast Simphony® 2.2.0 

Using the three steps mentioned above, Reapst Simphony® can be installed on the ground 

control station.  More details can be found in http://repast.sourceforge.net/download.php.   

 

A.2 Instruction of Installing Jepp®, and Jython® 

While we have used Java language for our developed agent-based simulation, the 

tracking and motion planning algorithms have been written in Python language, due to its 

powerful libraries for scientific computing.  In this regard, Jepp® ( http://jepp.sourceforge.net/) is 

used , which is an open source Java embedded Python library.  Below are the instructions on 

installing python as well as the two libraries mentioned above: 

1. Open a terminal and run the following commands 

• sudo apt-get install python-pip python-dev build-essential 

• sudo apt-get install python-numpy python pandas 
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• sudo ln -sf /usr/lib/x86_64-linux-gnu/libpython2.7.so.1 /usr/lib/libpython2.7.so.1 

• sudo ldconfig 

• gedit .bashrc 

2. Add followings lines to the to .bashrc: 

• export JAVA_HOME=/usr/lib/jvm/java-7-oracle/ 

• export PATH=$JAVA_HOME/bin:$PATH 

• export LD_LIBRARY_PATH=/usr/local/lib/python2.7/dist-packages/ 

• export LD_PRELOAD=/usr/lib/libpython2.7.so.1 

3. After closeing the text editor (i.e. gedit), run the following command in the terminal: 

• source ~/.bashrc 

• Sudo -E pip install jep 

• cp /usr/local/lib/jep ~/workspace/UAV_UGV/lib 

Using the above three steps, Jepp® can be installed on the ground control station and the 

developed agent-based simulation will be able to make connection between Java and Python.  In 

addition to Jep®, we also utilized Jython® (http://www.jython.org/), which is an open source 

Python for Java platform.  To use it in the developed agent-based simulation, first download 

Jython 2.7.0 - Standalone Jar file from http://www.jython.org/downloads.html and then copy it to 

the library folder of the agent-based simulation (i.e. ~/workspace/UAV_UGV/lib). 

 

A.3 Instruction of Installing ROS® 

Below are the instructions of installing ROS® (Indigo version) on the ground control 

station.  More details can be found in http://wiki.ros.org/indigo/Installation/Ubuntu. 

1. Open a terminal and run the following commands 
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• sudo sh -c 'echo "deb http://packages.ros.org/ros/ubuntu $(lsb_release -sc) main" > 

/etc/apt/sources.list.d/ros-latest.list' 

• sudo apt-get update 

• sudo apt-get install ros-indigo-desktop-full 

• sudo rosdep init 

• rosdep update 

• echo "source /opt/ros/indigo/setup.bash" >> ~/.bashrc 

• source ~/.bashrc 

• source /opt/ros/indigo/setup.bash 

• sudo apt-get install python-rosinstall 
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