
Japan Advanced Institute of Science and Technology

JAIST Repository
https://dspace.jaist.ac.jp/

Title 大容量交通流のメゾスコピックモデル化手法に関する研究

Author(s) 上原, 健嗣

Citation

Issue Date 2022-09

Type Thesis or Dissertation

Text version ETD

URL http://hdl.handle.net/10119/18142

Rights

Description Supervisor: 平石 邦彦, 情報科学研究科, 博士



 

 

 

 

 

Doctoral Dissertation 

 

A Study on Mesoscopic Modeling Methodologies 

for Large Volume Traffic Flow Data 

 

 

 

 

 

 

Kenji UEHARA 

 

 

 

 

 

Supervisor:  Kunihiko HIRAISHI 

 

School of Information Science 

Japan Advanced Institute of Science and Technology 

 

September, 2022 

  



 

 

  



 

 

Abstract 

With improvements in computing power and the widespread use of sensor technology, 

highly accurate and high frequency traffic flow data is now readily available. Traffic flow 

data can be modeled for various applications, but handling these data requires large-scale 

storage and high-speed computing power. Therefore, this dissertation focuses on 

Mesoscopic Modeling for large-scale traffic flow data to efficiently obtain useful 

information. A mesoscopic model in traffic flow is a network model in which continuous 

values are discretized by replacing the main points in the traffic flow as nodes and the 

movement information with statistical values. Furthermore, when combined with space 

partition and trajectory clustering, the data can be abstracted to a level that does not miss 

important traffic flow information while significantly reducing the data size. 

Since the modeling process requires time and effort, this method applies process 

mining techniques to streamline the process of creating mesoscopic models. Process 

mining is a technique for analyzing event logs output by a system to discover, verify, and 

improve process models. Applied to modeling, it enables event sequence analysis, state 

transition analysis, feature extraction of traffic flow, filtering of unnecessary data, and 

extraction of statistical information, thereby significantly reducing the modeling effort. 

Furthermore, process mining can be used for conformance checks to ensure that the model 

is operating correctly according to the design. 

The mesoscopic model constructed by this method enables high-speed simulations 

because the amount of data is greatly reduced while retaining important information. 

Therefore, the mesoscopic model is very useful and beneficial in the planning phase of 

traffic measures, when the current traffic flow is to be grasped quickly, or when a large 

number of simulations with finely varied conditions are to be performed. 

 

Keywords: Traffic flow simulation, Mesoscopic model, Object Petri nets, Process 

Mining, Trajectory clustering 
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Chapter 1  

 

Introduction 

With the improvement of computer performance and the spread of sensor technologies 

such as cameras and GNSS, highly accurate and frequent traffic flow data have become 

readily available. Although traffic flow data can be modeled and used for various 

applications, handling such data requires huge storage space and large-scale computing 

power. Therefore, we focus on the Mesoscopic model in which continuous values are 

discretized by replacing them with statistical information. The mesoscopic model is a 

network model that reduces data size by discretization, but leaves the major streams of 

traffic flow at a level where bottlenecks and stagnation points can be identified. This 

dissertation develops a mesoscopic modeling framework from raw temporal and spatial 

data of traffic flows with abstraction based on spatial importance and guaranteed 

conformance to design. Furthermore, as a demonstration of the modeling process using 

this framework, we model airport surface traffic flow and airspace traffic flow. We show 

that it is possible to downsize the amount of data to a few tenths of the original data while 

creating a model that reflects the characteristics of the traffic flow and enables the model 

designers to achieve their goals. 

 

1.1 Motivation 

1.1.1 Background and motivation 

Traffic flow data modeling is useful for calculating traffic throughput, analyzing 

congestion and stagnation [1], and simulating fuel consumption and CO2 emissions [2] 

[3]. As sensor technology becomes more widespread and performance improves, more 

accurate and high-frequency data becomes available. Recently, the size of the data 

becomes huge and the required computational power increases. However, the purpose of 
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analyzing traffic flow data has not changed significantly since the days when the data was 

low-resolution. 

Although an essential role of science is to develop models of nature [4], the benefit 

is not the reproduction of the event itself, but the ability to simulate further conditions 

and virtually check the changes in a complex environment. Taking traffic flow modeling 

as an example, there are various purposes such as road planning to mitigate traffic 

congestion and introducing traffic policies to deal with economic losses. The greater the 

speed the better and the greater the capacity the better [5], since the greater the amount of 

traffic flow can be carried at one time the better, unless there is a specific reason not to. 

Therefore, if factors that impede speed and capacity and stagnation points exist, it is 

necessary to introduce countermeasures to improve them [6]. However, as long as costly 

and time-consuming measures are taken, the expected effects must be achieved. In 

particular, public organizations that develop infrastructure, such as roads and ports, are 

always required to achieve cost-effectiveness for their budgetary resources, and therefore 

cannot make a decision to introduce a system if the possibility of achieving the desired 

effect is unclear. Therefore, the model is used to understand the current traffic flow and 

to simulate the effects of introducing new measures [7]. This objective is not expected to 

change significantly in the future. 

Data that is larger than necessary due to higher resolution may improve the 

accuracy of the simulation model, but it requires more time and processing power for 

analysis and may make it difficult to achieve the original purpose of modeling. If the 

analyst only wants to get an overview of the traffic flow, the resolution of the data is 

minimal and does not need to be high resolution. Therefore, this dissertation focuses on 

the Mesoscopic model, which can obtain the information that the model designer wants 

to know even if the huge raw data are down-sampled to a certain level of discretization 

[8]. 

While mesoscopic modeling has the above advantages, there are two challenges in 

its creation. The first is the extraction of major paths in the space and the creation of an 

abstracted route graphs. To reduce the amount of data while retaining important 

information, it is necessary to eliminate unimportant trajectories and generate an 

abstracted route graph after selecting major routes and key traffic nodes. Mesoscopic 

models are created based on the abstracted route graphs, but optimal route and node 
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selection is not easy, as it depends on the modeling objectives and characteristics of the 

traffic flow data. The second point is to confirm that the model is behaving as the designer 

intended. Even if a mesoscopic model is created, it cannot be used for user’s purposes 

unless it behaves correctly. Therefore, the behavior of the model must be inspected, which 

requires the same amount of effort as creating the model. In addition, a mechanism for 

inspection needs to be built into the model, and it is difficult to say that the same 

mechanism can be designed for all types of traffic flow data. 

Through this dissertation, we solve the first problem by developing a method for 

creating abstracted route graphs. We will also apply Process Mining techniques to 

modeling to improve creation efficiency and check conformance to specifications, 

thereby resolving the second problem. The ultimate goal is to build a framework for 

mesoscopic modeling of large-scale traffic flow data. 

1.1.2 Research questions 

Based on the motivation of 1.1.1, this dissertation sets up the following three problems. 

This dissertation will clarify the answers to these questions through the construction of 

the mesoscopic modeling approach. The answers this dissertation provides to Q1-Q3 are 

presented in the final chapter. 

 

Q1 Modeling with down-sampled data and its accuracy: When modeling from large 

volume traffic flow data, is it possible to reduce the amount of data by down-sampling to 

some extent instead of dealing directly with continuous data and still obtain the results 

the model designer desired? 

 

Q2 Selectable modeling abstraction: Is mesoscopic modeling possible, where the 

amount of data reduction can be adjusted according to the designer's objectives and the 

degree of macro and micro can be selected? 

 

Q3 Checking model correctness: How can we check that the model is behaving 

correctly? Is it possible to introduce a common checking method for traffic flow 

mesoscopic models instead of installing a special mechanism in the model? 
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1.2 Dissertation Contributions 

As mentioned above, the goal of this dissertation is to build a framework for mesoscopic 

modeling that abstracts the raw data of high-volume traffic flows and simulates them in 

a way that is comparable to using the raw data. We build a methodology by systematizing 

the necessary processes. The advantages and novelties of the method are as follows: 

 

1. Significant reduction in data size. In the mesoscopic modeling process, continuous 

raw data is discretized by replacing it with statistical values as movement information, 

which significantly reduces the data volume. This facilitates analysis and reduces the 

required computing power. Even though the data size can be less than 1/100th, the 

traffic flow features are preserved, allowing analysis of flows and bottlenecks. 

 

2. Application of process mining techniques to improve modeling efficiency and 

ensure conformance to specifications. Since modeling work requires time and 

effort, this framework applies process mining techniques to streamline the process of 

creating mesoscopic models. Process mining is a technique for analyzing event logs 

output by a system to discover, verify, and improve process models [9]. Applying this 

to modeling enables event sequence analysis, state transitions analysis, feature 

extraction of traffic flow, filtering of unnecessary data, and extraction of statistical 

information, thereby significantly reducing the modeling effort. 

 

3. Lightweight and fast simulation. The mesoscopic model constructed with this 

framework enables high-speed simulation because the amount of data is significantly 

reduced while retaining important information. Therefore, the mesoscopic model is 

useful for quickly grasping the current traffic flow in the planning phase of traffic 

measures, or for performing a large number of simulations with various conditions. 

 

4. Abstracted route graphs. We identify key points in the traffic flow and create 

abstracted route graphs. Traffic flow data is not only simple and straightforward, such 

as vehicles on a road or trains on a railroad track, but also highly random data where 
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the path is not constant or where an altitude factor is added, such as aircraft. It is not 

easy to extract abstraction graphs from these data, but this dissertation proposes a 

method to extract abstraction graphs from traffic flow data with non-constant 

trajectories, using airport surface and airspace traffic flow data as an example. 

 

5. Development of a generalized workflow for modeling large volume traffic flow 

data. Through this dissertation, we present a generalized workflow for creating 

simulation models from large volume traffic flow data. While many previous studies 

have shown methods for individual events, this dissertation presents a systematic and 

generalized method, which is one of the novelties presented in this dissertation. 

 

1.3 Structure of the Dissertation 

The modeling framework proposed in this dissertation aims to abstract large volume 

traffic flow data without missing necessary information and finally create mesoscopic 

model. The required technology and method building are organized in the following 

systematics. 

 

⚫ Chapter 2: Existing Technologies 

To build a mesoscopic modeling framework for traffic flow, we first introduce related 

works on traffic flow modeling. All traffic flow models, which are the output of this 

dissertation, are composed of object Petri nets and process mining technique. Since 

object Petri nets can replicate instances from a base Petri net, they are used to 

reproduce traffic flow by generating a large number of moving objects. Process 

mining is also used to efficiently extract statistical information from raw traffic flow 

data, in addition to checking model conformance to specifications. Therefore, these 

existing technologies are explained as an introduction to the mesoscopic modeling 

methodology to be developed in later chapters. 

 

⚫ Chapter 3: Discrete Event Modeling with Object Petri Net 

In this chapter, a method for creating a discrete event model is developed and applied 
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to mesoscopic modeling in the later stages of this dissertation. The output model 

created abstracts traffic flows and makes each moving object operate in parallel. In 

addition, each moving object operates procedurally according to predefined rules. 

Based on these characteristics of the modeling target, we adopt object Petri nets as 

the model description language. In this dissertation, we show how to construct a 

hierarchical large-scale model by combining many small subnets with object Petri 

nets.  

 

⚫ Chapter 4: Process Mining Approach for the Conformance Checking of 

Discrete-Event Simulation Model 

In this chapter, we apply process mining techniques to the specification conformance 

checks of the mesoscopic models created, and build inspection methods to reduce the 

workload on developers. In order for the simulation results to have validity, it is 

necessary to show that the model is working correctly as designed. Here, process 

mining is used to show that the model behaves correctly as intended by the designer 

and that at least the inspected model output contains no errors and is safe for use in 

traffic flow analysis. 

 

⚫ Chapter 5: A Method for Mesoscopic Modeling of Large Volume Traffic Flow 

Applying Process Mining Techniques 

In this chapter, the airport surface traffic flow is abstracted leaving the network 

framework at a level where bottlenecks and stagnation area can be identified, and is 

represented by an abstraction graph consisting of nodes and links. Furthermore, a 

mesoscopic model is created based on the graph. By applying process mining 

techniques to the modeling, we propose an efficient method for identifying traffic 

patterns, removing noise, and extracting statistical information, thereby significantly 

reducing the time cost and work required. 

 

⚫ Chapter 6: A Framework for Extracting Abstracted Route Graphs Toward Air 

Traffic Flow Modeling 

While mesoscopic modeling reduces the amount of data, it is important to determine 

the level of abstraction to avoid missing information necessary to reproduce traffic 



7 

 

flow. Therefore, we consider eliminating unimportant trajectories and extracting 

major routes in the airspace. The node selection that results in the optimal level 

depends on the purpose of the modeling and the characteristics of the traffic flow 

data. For example, it is more difficult to extract features of traffic flow for aircraft 

than for vehicles or railroads because the trajectory is not constant for the 

unavailability of fixed paths such as tracks or roads, and the complexity is increased 

due to altitude factors. Therefore, it is necessary to keep only important spaces and 

exclude unnecessary spaces, as well as to extract routes frequently passed by aircraft 

as the main points of traffic. In this dissertation, we propose a framework that 

combines the methods of space partition, clustering, and skeleton extraction to extract 

major routes of air traffic flow and create abstracted route graphs. 

 

⚫ Chapter 7: Mesoscopic Modeling, Simulation and Evaluation for Air Traffic 

Flow in the Airspace 

Based on the abstract graph, mesoscopic modeling is performed using object Petri 

nets. The model output is further compared to real data to evaluate that the 

mesoscopic model downsizes the raw data of the traffic flow while still being 

accurate enough to meet the analyst's objectives. 

 

 

Fig. 1:  Core structure of the dissertation and relevance of each chapter 
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Fig. 1 shows the role and relevance of each chapter. Chapter 2 describes the 

modeling of traffic flow, which is the subject of this dissertation, and deals with the 

existing technologies used throughout the chapters: object Petri nets and process mining. 

In Chapters 3 and 4, discrete event modeling and specification conformance checking 

methods are developed. Based on this, mesoscopic modeling techniques are established 

in Chapters 5 through 7, and actual airport surface traffic flow and airspace traffic flow 

models are developed in Chapters 6 and 7. We discuss the created mesoscopic model and 

the remaining future issues in Chapter 8, and finally, the usefulness of the model and how 

it can be used is discussed in Chapter 9. 
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Chapter 2  

 

Existing Technologies 

There are many different types of traffic flows, including vehicular flows, aircraft and 

vessels, and human and animal behavior. This chapter describes related research on traffic 

flow modeling, which is the main theme of this dissertation. In this dissertation, 

mesoscopic models are actually created from large volume traffic flow data in order to 

establish a modeling framework, and common techniques used throughout the chapters 

are described. 

 

2.1 Traffic Flow Modeling 

As mentioned in Chapter 1, traffic flow modeling can be broadly divided into 

macroscopic and microscopic models based on their granularity. This dissertation deals 

with mesoscopic models, which are intermediate between the two models. 

The macroscopic model is a mathematical model that formulates the characteristics 

of traffic flow, such as traffic flow density and velocity. This model allows traffic flow to 

be considered in the same way as a fluid in natural phenomena, treating the entire traffic 

flow as a single entity. Traffic flow is considered a fluid composed of vehicles, but 

individual vehicles do not explicitly appear in the theory [10]. The history of macroscopic 

models of traffic flow is long, and the first model was the LW-model by Lighthill and 

Whitham (1955) [11], who compared traffic flow on a road with water movement in a 

river and expressed it in terms of nonlinear first-order partial differential. It is a one-

dimensional fluid and the first fluid model. Richards complemented the LW model and 

introduced the idea of shock waves to complete the LWR model (1956) [12]. The LWR 

model was further applied to a complex network model consisting of intersections and 

roads [13] [14]. 

One of the reasons why traffic flow was treated like a single natural phenomenon 
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and formulated as a fluid by the macroscopic model is that computers were immature, 

and it was difficult to reproduce even the motion of individual particles. However, with 

the development of computers, the microscopic model, in which the individual motions 

of many components are analyzed directly by simulation and the traffic flow event is 

treated as the total of these components, has developed rapidly since the 1990s. 

Chowdhury et al. viewed traffic flow as a system in which a large number of constituent 

molecules interact and explained it dynamically as a phenomenon due to collective 

motion [10]. Microscopic models are broadly classified into car (vehicle) following 

models, Cellular Automata (CA) models, and multi-agent models. 

The car-following model focuses on the motion of individual vehicles, and the 

driver controls his or her own vehicle in response to the behavior of the vehicle directly 

in front of him/her. The model is simple: if the car in front stops, the following car stops, 

and if the car in front moves, the following car moves. A representative tracking model is 

the Optimal Velocity (OV) model by Bando et.al [1]. The OV model is a one dimensional 

follow-up model, the size of the car is not considered, and all driver and car performances 

are assumed to be the same. The only properties that the constituent vehicle motions must 

have in order to describe the traffic flow are the following behavior and the exclusion 

effect. There are other models such as the Gipps model [15] and the Intelligent Driver 

model (IDM) [16], the simple behavior is the same: stop if there is a blockage in front 

and go forward if the road ahead is clear. 

Furthermore, the use of the CA greatly simplifies the problem and makes it easier 

to handle. After all, if there is only one vehicle, it can be expressed as a simple function 

of speed and time. However, when there are many of them, competing with each other 

for resources (time and space), interference occurs, and complex behavior is manifested. 

This interference can be simulated simply as a relationship between two moving vehicles, 

and CA is a model that simplifies to just adjacent cells. the Rule 184 model by Wolfram 

is a typical application of CA and is the most basic traffic simulation model [17]. 

Microscopic models reproduce complex behavior in which individual elements 

aggregate and appear as a whole. A multi-body or multi-agent model describes the 

behavior of simple individuals or agents, such as human society or individual organisms, 

interacting in large numbers [18]. Although theoretical analysis is possible with multi-

body models, computer simulation is suitable for reproducing complex traffic flows by 
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collecting large numbers of individuals with simple behaviors and rules and operating 

them on a large scale. 

The model presented in this dissertation as an example of a realization of the 

proposed methodology is structured with agents with rules moving around on an 

abstracted network model. The aircraft passenger boarding model, airport surface traffic 

flow model, and airspace traffic flow model, which will be constructed in the next 

chapters, are all designed with the same concept, in which many agents (humans and 

aircraft) repeatedly progress and stop depending on whether there are obstacles in front 

of them, and head toward their destination. A large number of individuals performing 

simple actions are collected and operated concurrently to reproduce complex traffic flow. 

 

2.2 Mesoscopic Modeling of Large Traffic Flow 

Mesoscopic means between the macroscopic and microscopic scales [8] and is generally 

used in the field of nanotechnology. In nanotechnology, the properties exhibited by an 

observable may change between the macroscopic (bulk) and microscopic scales, and the 

intermediate scale at which this mutation occurs is called a mesoscopic system. On the 

other hand, mesoscopic in the traffic flow model treated in this dissertation is used only 

in terms of spatial and temporal data granularity, noting that the nature of the observation 

target does not change with scale. In other words, from the opposite perspective of 

nanotechnology, the emphasis is on the ability to discretize data and mesoscopic modeling 

to show the same traffic flow properties/characteristics regardless of scale. 

Here, we discuss data granularity and scale in traffic flow. As an example, let us 

consider the case of analyzing traffic flow on highway. If the analyst's goal is to get a 

rough characterization, then macroscopic is appropriate for capturing the entire flow. In 

this case, data that are too granular rather inhibit the identification of characteristics [8] 

[19], so discretization is necessary to capture the target as a group, without focusing on 

the behavior of individuals [19]. On the other hand, when the detailed behavior of 

individual vehicles, dynamics such as acceleration/deceleration and braking, are the 

purposes of analysis, the behavior of each individual vehicle must be modeled 

microscopically, since abstracted data cannot accurately reproduce them [8]. 
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We attempt to establish a mesoscopic modeling method which can adjusts the 

degree of abstraction between the macro and micro levels, with the main goal of reducing 

the amount of data without losing the desired information. For example, if the objective 

is to identify bottlenecks or stagnation areas in a particular space, and if the traffic flow 

is not completely random but has some pattern, a mesoscopic model that abstracts 

continuous data without losing the characteristics of the traffic flow is sufficient. 

 

 

Fig. 2:  Perspectives on data granularity in traffic flow data. Mesoscopic is the middle between raw 

data of continuous values (micro) and simplified two-point data (macro). 

 

Fig. 2 shows the modeling perspective and the required data granularity. There are 

two poles: a microscopic model that deals directly with continuous data, and a 

macroscopic model that abstracts traffic flow to only start and end points. The mesoscopic 

model is intermediate between the two and is a network model [19] consisting of nodes 

(intersections) and edges (connecting paths). The size of traffic flow data is enormous 

when handled directly as raw data, but decreases as the data approaches macroscopic 

levels, eventually becoming only a two-point graph and statistical information. The 

analysts can decide the level of abstraction depending on the properties they want the 

model to reproduce. 

Using pedestrian flow data as an example, let us divide the space into grids and 
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replace it with movement information between each grid (node). Here, we use pedestrian 

movement data in a shopping center [20]. 

 

 

(a) Pedestrian movement (continuous, microscopic) 

 

 

(b) Pedestrian movement (abstracted, mesoscopic) 

 

Fig. 3:  Pedestrian tracking data in a shopping mall. (a) shows a direct plot of the raw data of 

continuous values. (b) shows the data discretized on a 5.0 m grid. In (b), each node is colored by time 

spent, and line width of each edge represents the occurrence frequency of transition between two nodes. 

 

Fig. 3 shows the result of replacing continuous values with movement statistics 
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information between nodes and gridding the pedestrian data. The frequency of traffic is 

reflected in the thickness of the line segments between adjacent nodes, and the dwell time 

at each node is shown in color. It can be seen that downsizing to this level still provides 

an understanding of congestion points and major traffic flows. The data set used contains 

dynamic information for approximately 18 000 people for one day, and the data size 

exceeds 1GB. Here, the node is formed on a 5.0 m grid, and the amount of data is only 

8MB. Even at this level, the granularity is sufficient to understand the pedestrian flow. 

The example here is a 5.0 m grid as described above, but the abstraction level is 

very important and should be determined carefully. The abstraction level depends on what 

the model designer wants to know using the model, which in turn determines how 

granularly the traffic flow needs to be reproduced. It is desirable to reduce the amount of 

data as much as possible while retaining necessary information, but a significant 

reduction in data volume should not result in the loss of even necessary information. A 

balance between the degree of downsizing and the retention of information is important. 

 

2.3 Object Petri Nets 

We use a Petri net based tool as the modeling language of the simulation model. 

Furthermore, the traffic flow model addressed in this dissertation uses object Petri nets 

that allow replication of instances, since a large number of mobile objects with identical 

properties are placed in the field and operate concurrently. Object Petri nets are a class of 

Petri nets in which each token has internal data and methods [21]. We here choose 

RENEW (Reference Net Workshop) [22]. RENEW is a modeling environment based on 

object Petri nets. In the standard definition of Petri nets, each token (black dot ‘●’, 

colorless token) represents existence of something and only the number of tokens is a 

matter of concern. In object Petri nets, each token is an object or the pointer to an object, 

where a net structure can also be an object. This enables us to model a situation in which 

communicating multiple objects behave concurrently in a complex environment. Net 

instances of RENEW are implemented with Java multithreading, so if strict concurrency 

is required in the simulation, full parallel processing can be achieved by improving the 

execution environment (e.g., multi-core processor) [23]. It is a Petri net tool having 
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object-oriented features. In the modeling by RENEW, instances of a net object can be 

generated dynamically in the execution. Petri nets can visually represent concurrent 

systems that operate sequentially while competing for resources. Moreover, timing 

information such as delay in movement and loading luggage can be expressed in the 

model. The simulation result is recorded in a log file that is useful for verifying models. 

We use object Petri nets for all mesoscopic modeling of traffic flow in this dissertation. 

Using a RENEW model shown in Fig. 4, we explain how instances of objects are 

generated and communicated with each other. A RENEW model consists of several net 

definitions. In this figure, there are two net definitions, Net  and Net . A place can 

have token objects, which are ‘[]’ (the same as black dot, colorless token), numbers, 

strings, and references (pointers) to objects. An instance of a net is generated by ‘new’ 

command like in Java. Let us generate an instance of Net   and execute it. Then 

transition  in Net  fires, an instance of Net  is generated, and the reference to the 

instance is bound to variable . Two instances run concurrently. After that, transition  

in Net  and transition  in Net  fire synchronously, where inscriptions ‘ :get( )’ 

and ‘:get( )’ define a synchronous channel. By this firing, a copy of the number object ‘1’ 

in Net  is sent to Net , and is bound to variable . Finally, the rightmost places in 

both instances have the number object ‘1’. The transition  in an instance of Net  can 

fire only when the net instance  has an enabled transition with a label that can be unified 

with ‘:get( )’. In other words, firing of  is suspended until the net instance  has an 

enabled transition with an appropriate label. This enabled us to introduce control over 

multiple processes. The number after ‘ ’ specifies delay time. If the delay is assigned to 

an input arc of a transitions, then tokens in the input place of the arc is available after the 

specified time, and if the delay is assigned to an output arc, then the tokens are put on the 

output place after the specified time. 

 

  

(a) Net  (b) Net  

Fig. 4:  An example of RENEW 
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In this dissertation, we model the properties of RENEW: since all Petri nets are 

treated as objects in RENEW, instances can be replicated from the base Petri net and 

placed at any places. Instances themselves act as tokens and can invoke functions from 

external Petri nets using methods. Therefore, large-scale traffic flow simulation is 

performed by creating an original Petri net that serves as an agent and generating a large 

number of replicas of the original Petri net. Since instances are themselves Petri nets, 

further instances can be input within instances. Therefore, it is possible to create a 

hierarchical model and run it concurrently. 

An example of instance replication and hierarchical petri nets in RENEW is shown 

in Fig. 5. There is a super-parent Petri net that serves as a field, within which 5 parent-

instances are placed as submodels, and 20 child-instances are placed in each of the parent-

instances. Each child-instance is assigned a unique ID by the method ‘:init( )’ when it is 

created. The parent-instances are connected to each other, and the child-instances are 

passed to and from each other by the methods ‘:in( , )’ and ‘:out( , )’.  

 

   

(a) Net super-parent (b) Net parent (c) Net child 

 

Fig. 5:  Sample Petri net of instance creation by RENEW. Petri net super-parent counts up token ‘0’ 

in the orange place and creates 5 instances parent. It then creates 100 instance children and populates 

the parent-instance with 20 each. Each child is passed back and forth between parents using the 

methods ‘:in( , )’ and ‘:out( , )’. 

 

This mechanism is commonly used in the aircraft passenger boarding model in 

Chapter 3, the airport surface traffic flow model in Chapter 5, and the airspace traffic flow 

model in Chapter 7. For example, in the aircraft passenger boarding model, 120 aircraft 

passenger instances and aircraft seat instances are replicated and arranged to reproduce 

the movement of passengers in the aircraft cabin. In the airport surface traffic flow model 
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and the airspace traffic flow model, aircraft instances are replicated and moved around 

the airport/airspace network configured by RENEW. The airport surface and airspace 

network is a collection of queue instances, and the aircraft instances move between each 

queue to reproduce the airport surface movement and flight within the airspace. 

 

2.4 Process Mining Technique 

Process Mining is a method/technique for discovering, verifying, and improving the 

process model by analyzing event logs output from the target system. It is mainly used in 

order to improve the non-efficient procedures or detects bottlenecks in the business 

workflow [9]. According to the Process Mining Manifesto [24], its usage type can be 

divided into three parts: Discovery, Conformance checking and Enhancement. We 

focused on especially the conformance checking in this dissertation and tried to apply this 

technique to inspection for discrete-event simulation model. Conformance checking of 

discrete-event models is covered in Chapter 4. 

 

 

 

Fig. 6:  Process Mining conceptual diagram 

 

In the conformance checking, we can acquire the target model’s conformance and 

reproducibility of the specification by comparing the design and event log. In addition, 

process mining is further used as an information extraction tool for modeling in this 

dissertation.Process mining can be used for data cleansing to remove undesired noise 
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from raw traffic flow data and create clean data for modeling, and for efficiently 

extracting statistical information. As shown in Fig. 6, the event log output by the model 

based on the design/specification is analyzed by process mining to discover the model. 

The analysis results and discovered model are compared with the original design to 

perform conformance checks. 

In this dissertation, we use ProM (Process mining workbench) [25] which has been 

developed in Einthoven University. The ProM is an open-source software package 

derived from the early stage of Process Mining research, and it is extensible through 

several plug-ins that offer a variety of analysis algorithms. ProM is used as a 

specification-conformance check tool in Chapter 4, as well as for noise removal and 

statistical information extraction in the creation of the airport surface traffic flow model 

in Chapter 5 and the airspace traffic flow model in Chapter 7. 
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Chapter 3  

 

Discrete Event Modeling with Object 

Petri Nets 

In this chapter, we establish a methodology for constructing discrete event models and 

apply it as a component of the mesoscopic modeling process that will be implemented in 

subsequent chapters. Here we attempt to model human behavior flow as a basic traffic 

flow. The flow of passengers in an aircraft, which is an enclosed space, is modeled as a 

small-scale traffic flow. Since the stagnation and queuing that occur in human flows are 

the same as the mechanisms that cause traffic congestion in vehicular and other traffic 

flows, the human flow model created here can be applied to the modeling in the later 

stages of this dissertation. In the mesoscopic model developed in this dissertation, traffic 

flow is abstracted by sampling discrete values, and each moving object (agent) operates 

sequentially and in parallel. Each moving object also operates procedurally according to 

predefined rules. Based on the characteristics of traffic flow and its discretization, we 

present a method for building a hierarchical large-scale model by combining a large 

number of small submodels using object Petri nets. 

 

3.1 Aircraft Boarding Optimization 

At airports, it is common to see passengers queuing in front of boarding gates and onboard 

aircraft. This is due to the time required for processing (loading luggage and completing 

seating operations) relative to the influx of passengers. In other words, the low service 

rate relative to the arrival rate of traffic is a factor in queue formation, which can be 

thought of as a simple queueing model. As a countermeasure, airlines have introduced 

efficient admission control, known as the Boarding Strategy, to alleviate queues. 

Boarding strategies have been studied as optimization problems, and to date, various 
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types have been devised and implemented in practice by various airlines. 

3.1.1 Related work 

Many studies on the subject of aircraft boarding have taken the approach of reproducing 

passenger movements on a computer and comparing boarding strategies. Therefore, many 

research results were published in the late 1990s and 2000s, when computer simulation 

became easier. Marelli et al. (1998) analyzed turn times with a discrete event simulation 

(PEDS: Passenger Enplane/Deplane Simulation) developed by Boeing [26]. Turn time is 

the time between an aircraft entering and exiting an airport; the shorter the turn time, the 

greater the throughput of the airport. The PEDS simulation showed that the boarding time 

was about 22 minutes, which could be reduced to 17 minutes by using the Outside-in 

method, which is still one of the most efficient boarding strategies and is used by many 

airlines today. Some methods have been used to observe actual passenger movements and 

to obtain statistics; Landeghem et al. (2005) focused on passenger luggage as a factor that 

negatively affects boarding times. Passenger luggage stowage was analyzed at Brussels 

airport using video cameras [27]. The results were used in a study by Schultz et al. (2008). 

Schultz et al. performed simulations using the Asymmetric Simple Exclusion Process 

(ASEP) method [28]. After comparing various boarding strategies, they showed that the 

Outside-in method was the fastest and had the smallest variation in time required. This is 

consistent with the results of a study by Marelli et al. Nyquist and McFadden (2008) 

showed that among the components of turn time, boarding and disembarking the aircraft 

is one of the critical paths. However, long turn time is not necessarily caused by 

passengers boarding and disembarking, and streamlining passenger boarding does not 

necessarily lead directly to reduced turn times. They stated that shortening boarding time 

is effective only when turn times are shortened to obtain earlier departure slots [29]. 

Steiner et al. (2009), on the other hand, stated that shortening boarding time is critical for 

airlines and presented the idea of reducing boarding time by limiting luggage and making 

other efficiency improvements before boarding [30]. 

Many studies have compared boarding strategies and found the Outside-in method 

to be the best. Steffen (2008), however, found a more efficient sorting order using the 

Markov Chain Monte Carlo algorithm force-following search [31]. This is a reliable 
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method because the boarding time of passengers is almost always determined by the order 

in which they are lined up before entering the cabin. This method, called the Steffen 

Method, can reduce boarding time to one-fifth of the worst-case scenario, but this is only 

the case when the passengers are lined up ideally [32]. In reality, it is difficult to ensure 

that all passengers are lined up before boarding. 

3.1.2 Key Factors of the Delay 

In literature [32], the aisle interference and the seat interference are identified as important 

factors that cause an increase in the boarding time. Other factors caused by the uncertainty 

of human behavior such as taking a wrong seat and moving backward on the aisle could 

be ignored. 

 

⚫ Aisle interference: A passenger is stuck in the aisle for loading luggage, preventing 

another passenger from proceeding to a seat. 

⚫ Seat interference: A seated passenger hinders another passenger from taking a 

nearby seat. For example, when a passenger at the aisle-side seat is already seated 

and another passenger wants to take the window-side seat, then the passenger at the 

aisle-side seat has to stand up and move to the aisle. As a result, the aisle is blocked. 

 

The above two kinds of interference do not occur if each passenger has enough 

space on the aisle for passing through other passengers. However, in the congested 

situation, interference occurs whenever a passenger load luggage or a seated passenger 

hinders another passenger from taking a seat. In Steffen’s simulation, only the aisle 

interference is considered because the aisle interference is assumed to be the primal issue. 

It is also stated that considering other interference will make the result more accurate. In 

this dissertation, we study boarding strategies in congested situations such that the two 

kinds of interference are important. 

3.1.3 Boarding strategy 

We often observe congestion of passengers at the boarding gate or in the cabin, even 

though every passenger is assigned his/her seat and can surly takes it. To relieve the 
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congestion, many airlines introduce the entrance control called the boarding strategy. In 

literature, a boarding strategy is represented by the order of passengers or groups of 

passengers when they enter the aircraft. Fig. 7 shows the boarding strategies proposed so 

far. Each grid represents a seat, and the numbers of the seats indicate the order of entry. 

 

⚫ Random: Passengers board in the random order. This strategy is used for small 

aircrafts. 

⚫ Outside-in: Passengers are divided into three groups and board in an order with 

window-side seats first, the middle seats second, and aisle-side seats last. This 

strategy is used in several airlines. 

⚫ Back-to-front: Passengers board in the back to front order. 

⚫ Block back-to-front: This is a modification of the back-to-front strategy to fit the 

real situation. Passengers are divided into several groups and board in a back to front 

order. This is the most widely used strategy in airlines. 

⚫ Reverse pyramid: This is a hybrid between the back-to-front and the outside-in. 

Passengers board in a V-like manner. 

⚫ Steffen method: Passengers are lined up in a prescribed order: from back to front, 

from window-side to aisle-side, with the adjacent passengers in the line taking every 

other seat. 

 

   

(a) Random (b) Outside-in (c) Back-to-front 

   

(d) Block back-to-front (e) Reverse Pyramid (f) Steffen method 

 

Fig. 7:  Boarding strategies: Three seats are arranged in both sides of the aisle. The number indicated 

by each seat represents the order of entry. The left side indicated by an arrow is the front of the cabin. 
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3.2 Modeling Aircraft Boarding 

When passengers aboard an aircraft, due to the structure of passengers moving in single 

row along a straight aisle, if the passenger in front stops, all the passengers following 

must also stop. Therefore, a queue is formed with the same structure as traffic congestion 

and stagnation in a traffic flow. The mechanism of queue formation can be similarly 

considered when scaling up to congestion of ground-moving aircraft at airports, in-flight 

aircraft in congested airspace, etc. In this section, we define seat configurations and 

passenger behavior patterns in aircraft cabins. 

3.2.1 Passenger model design 

Each passenger behaves as follows: (i) passing through the gate, (ii) walking on the 

boarding bridge, (iii) entering the cabin, (iv) walking on the aisle, (v) loading luggage, 

(vi) taking a seat, and (vii) temporary moving to the aisle for another passenger to take 

seats (if necessary). Real-life passengers have more complex movements, but if we 

simplify to the major movements that affect boarding time, we can narrow it down to the 

above behaviors. From the time they enter the cabin until they are fully seated, they can 

be in four different states. 

 

⚫ Walking (WA state): The passenger enters the cabin through the boarding gate and 

walks down the hallway until he/she reaches his/her seat. The passenger is constantly 

moving forward toward his/her seat as long as the area in front of him/her is clear. If 

the passengers in front of him or her are stopped, he or she stops with some distance 

between them. 

⚫ Ready to get the seat (GS state): When a passenger arrives in front of his/her seat, 

he or she stops to be seated. This state is called the “ready to get the seat” or simply 

“seat-ready” state, and if there is no obstruction to his/her seat, he/she is seated 

immediately. No more than two persons in the same row may enter the seat-ready 

state at the same time. 

⚫ Position change (PC state): Even if a passenger is ready to get seat, a position 

change operation will occur if another passenger ahead of him or her is obstructing 
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him or her. When a window-side seat passenger arrives in front of his or her seat, if 

a passenger is seated ahead of him/her in the aisle-side seat, the aisle passenger must 

exit once into the corridor and swap positions. 

⚫ Seated (SD state): When a seat is available, if there is no obstruction, the passenger 

immediately transitions to the seated state. However, passengers in the aisle-side 

seats may leave their seats to swap their position even after being seated once. 

Eventually, all passengers are seated. 

 

All passengers are assumed to behave asynchronously and concurrently. We do not 

allow passengers to get ahead of other passengers on the aisle. In the real situation, some 

of the passengers form a group such as a family and friends, but we assume all passengers 

act independently as assumed in Steffen’s simulation model. Also, we deal with the case 

that each flight is full. Although the main reason passengers stop is time required to load 

luggage [33] [34], since the proportion of luggage varies with destination, season, and 

customer layer, the time required to load luggage is assumed here to follow a normal 

distribution, and the emphasis is on reproducing the occurrence of traffic congestion. 

The position-change behavior of passengers can be considered similar to the Blocks 

world which is a planning problem in artificial intelligence [35]. Fig. 8 shows one case of 

position change in a three-seated coach and its contrast with the Blocks world. The 

passenger seated ahead in the aircraft seat corresponds to the first stacked block in the 

Blocks world. In the Blocks world, an arm lifts up an obstructing block in order to move 

it out of the way of an earlier stack of blocks. This action is the same as the aisle-side seat 

passenger who is seated ahead of the other passengers going out into the aisle to let the 

window-side seat passenger who is coming later pass. For example, consider the case 

where passenger C in the aisle-side seat and passenger B in the middle seat are already 

seated ahead, and passenger A in the window-side seat comes later. In Block world, there 

are two arms, and in the initial state, Block B is on top of Block C. In order for passenger 

A to sit on the window-side seat, passenger B and passenger C need to leave the seat once, 

let passenger A through to the seat, and then be seated again. In the case of Block world, 

once B and C are lifted by the arm to place block A at the bottom, then blocks B and C 

are stacked on top of it. Blocks world can be described as a planning problem for the 

optimal procedure from the initial state to the goal state. Although there are many possible 
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event sequences to reach the goal state, in the aircraft boarding model, each passenger is 

assumed to take the shortest procedure. 

 

 

(a) Seat-swapping behavior of passengers in airplane seats 

 

 

(b) Blocks world represents similar planning problems with sets of blocks, table, and arms 

 

Fig. 8:  Contrast an example of position-change operation in a three-seated couch with Blocks world 

in artificial intelligence. In the aircraft boarding model, position-change must be done sequentially as 

in Blocks world, and each procedure cannot be skipped. 

3.2.2 Seat model design 

Seat layout of typical aircraft consists of two or three interconnected seats, which are 

arranged symmetrically across the aisle. Once passengers enter their own seats, they do 

not enter the other rows, so they do not interfere with each other across rows. Since all 

seat configurations are uniform, we consider two and three-seated couches to be treated 

as modules, which are connected by the aisles. Passengers move through the aisle to the 

row where their seat module is located, and once in front of their seat, they enter the 

module and do not interfere with the outside. Treating the seat couches as modules has 

the advantage of simplifying the structure of the model. Each passenger can only enter 

the seat module in which his/her seat is located and is not allowed to enter any other 

module. 
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In the modularized two-seated couch (two-seat module), if the two passengers are 

assigned a window-side seat and an aisle-side seat respectively, the state transitions for 

each passenger diverge in two ways, as shown in Fig. 9. If the window-side seat passenger 

is ahead, there is no position-change operation, and if the aisle-side seat passenger is 

ahead, a position-change operation occurs. The module has two destination places, and 

the two passengers are in the seated state (SD) when they reach their respective 

destination places. Once both passengers are seated, the seat module has no further action. 

 

 
 

Fig. 9:  State transition diagram of the two-seat module where the states of two passengers are 

indicated in each rectangle. Each passenger takes one of four states: WA (walking), GS (ready to get 

the seat), SD (seated), PC (position change). Two elements in each state represent window-side, aisle-

side in order. 

 

 

 

Fig. 10:  State transition diagram of the three-seat module where the states of three passengers are 

indicated in each rectangle. Each passenger takes one of four states: WA (walking), GS (ready to get 

the seat), SD (seated), PC (position change). Three elements in each state represent window-side, 

middle, aisle-side in order. 

 

In the modularized three-seated couch (three-seat module), the passenger state 

transitions (Fig. 10) are more complex and divergent than in the two-seat module. This is 

because the passenger state transitions can be divided into cases where there is no 

position-change operation, cases where it occurs once, and cases where it occurs twice, 
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depending on the order in which the three passengers arrive. The module has three 

destination places as two-seat module, and the passenger are in seated state when they 

reach their respective destination places; once all three passengers are seated, the seating 

module has no further action. 

Within each module, as described in 3.2.1, each passenger shall take the shortest 

steps to get himself/herself seated. When three passengers take seats here, there are 

 possible transition patterns from the initial state to the final states. Instances of these 

three-seat modules are connected with the aisle model and run concurrently. 

3.2.3 Cabin model design 

The target aircraft has one aisle in the center and 3 + 3 seats are arranged in both sides of 

the aisle (Fig. 11). The number of rows is 20 or 12. These numbers are the same as those 

used in the computer simulation [33] and the real experiments [32], respectively. There is 

no first-class cabin and no priority seating. Such a type of aircrafts is mainly used for 

domestic flights and the turnaround time is usually strictly limited. 

 

 

Fig. 11:  Seat layout in the cabin. The 3 + 3 seats are arranged in both sides of the aisle. Passengers 

walk through the center aisle to their seats If the passenger ahead of them is already seated, they 

perform position-change operation. 

 

3.3 Discrete-Event Simulation 

In this section, we model the aircraft cabin and the passenger movement within it, and 

establish the base methodology for more complex traffic flow modeling. The modeling 

takes advantage of the characteristics of object Petri nets, and seats and passengers are 

replicated as instances to reduce the volume of workload. The method developed here 

will serve as the basis for the later stages of modeling. 
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3.3.1 Object Petri nets as modeling tool 

Since actions by passengers occur sequentially and concurrently, and the behavior of 

moving objects is identical, modeling in an object-oriented manner is suitable. As 

mentioned in Chapter 2, we here use object Petri nets tool RENEW. Here we consider a 

Petri net that replicates a large number of passenger instances to reach their own seat 

place. In 2.3, we described the replication of moving object instances in the sample model 

configured in RENEW. In the sample model, the super-parent Petri net replicated and 

deployed the parent Petri net as instances. In addition, child-instances replicated in large 

numbers from the child Petri net were operated concurrently between the among parent 

Petri net. The same concept is used in the aircraft passenger boarding model. As in the 

super-parent model above, the aircraft cabin Petri net is constructed as a field in which 

passenger instances move around. The cabin Petri net consists of duplicated instances of 

the three-seat module, which are connected to form the seating arrangement in the cabin. 

Although each instance is simple, when a large number of instances are run 

simultaneously, the model as a whole exhibits complex behavior. 

The ideas of efficiency by instance replication and hierarchy by submodels 

implemented in the aircraft boarding model are also applied to more complex traffic flow 

models in the later chapters. In this chapter, we show that human flow can be described 

as a discrete event system by using object Petri nets without missing information such as 

dwell time and individual travel times. 

3.3.2 Aircraft boarding Petri net model 

The aircraft boarding model is a hierarchical structure that replicates instances of seats 

and passengers by object Petri nets, which are then connected. The three-seat module 

shown in 3.2.2 is configured in Petri nets, and seat instances for each row are replicated 

based on it. The generated seats are connected to the aisle in the cabin Petri net. Fig. 12 

shows the conceptual diagram of the cabin Petri net. There is an aisle in the center of the 

cabin, and each row has seat instances on each side. Passenger instances with various 

parameters and methods are also replicated from the passenger Petri net and move around 

the cabin Petri net. When a passenger instance is generated, it is given a unique ID, its 

own row and seat number, and baggage loading time. Each parameter has a method for 
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invocation, and when the method is executed from an external Petri-net, the parameter is 

returned to the caller. The passenger instance is given a unique ID, its own row and seat 

number, and baggage storage time when it is created. When a method of the passenger 

instance is called by an external Petri net, it returns parameters to the caller. Each 

passenger instance is aligned according to the boarding strategy, and then put in 

sequentially starting from the first row of the cabin. Passengers check the number of their 

row against their current location in the aisle. If the current point is in its own row, it 

advances into the seat instance; otherwise, it advances to the next row and repeats the 

same process. As passengers enter their seats, they perform the actions described in 3.2.2 

within each seat instance, and the seat instances stop operating when all passengers 

reached their destination place, which means that all passengers are seated. When all the 

seat instances connected to the cabin Petri net are stopped, all passengers in the aircraft 

are considered seated and the simulation is complete. 

 

 

 

Fig. 12:  Conceptual diagram of 12-row cabin Petri net configuration. It is a network of many seat 

instances connected together, and passenger instances move around on it. The passenger instances 

themselves are also Petri nets, and each passenger acts as an agent. A token, which is a competing 

resource, is placed at each connection between an aisle and a seat instance, and when a passenger 

enters a seat or a back row, he/she consumes this token. While one passenger is consuming a token, 

other passengers are not allowed to overtake. 
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Fig. 13:  Actual cabin petri nets with RENEW. Only two rows are excerpted in this figure. A 

passenger instance provided from the upper place gets its own row and seat number with the methods 

‘getrow()’ and ‘getcol()’, then checks whether the seat instances located on the left and right at the 

current location correspond to that row and seat number. 

 

3.4 Model Evaluation 

The accuracy of the created model is evaluated by checking the reproducibility of events. 

Here, the reproducibility of events is confirmed by comparing the throughput of each 

boarding strategy in the real data and in the simulation results. By checking the relative 

throughput, it can be confirmed that the efficiency of the boarding strategy is reproduced 

in the model. 
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3.4.1 Evaluation strategy 

The performance of a boarding strategy is evaluated by the total boarding time. This is 

the elapsed time between the time when the first passenger enters the gate and the time 

when all passengers take their seats. Given a boarding strategy, the boarding time can be 

estimated by the discrete-event simulation [4][5]. Let  be the total number of seats in 

the aircraft. As shown in Fig. 1, each strategy is represented by a matrix each component 

of which has a natural number from  such that every number of 

 is assigned to at least one component of the matrix. We assume passengers having the 

same number board randomly. Given such a matrix, the boarding time is measured by the 

discrete-event simulation. Since the behavior of passengers may have randomness, the 

deviation of boarding times should be taken into consideration. 

Now the boarding optimization problem is formulated as the problem of finding 

a boarding order that gives the shortest boarding time. As mentioned above, Steffen solves 

this problem using the Markov Chain Monte Carlo algorithm combined with computer 

simulation in [31]. The obtained solution is shown in Fig. 7(f). Due to the largeness of the 

search space, the obtained solution may be local optimum. The solution gives one-fifth 

of the worst total boarding time. Based on the simulation results, Steffen and Hotchkiss 

conducted experiments in a mock Boeing 757 and observed a significant reduction in the 

boarding time [32]. Milne and Kelly propose an improvement of the Steffen method [36]. 

Their method first assigns passengers to seats so that their luggage is distributed evenly 

throughout the plane, and after that load passengers according to the Steffen method. In 

this method, passengers are not allowed to choose seats. The improvement is at most 3.0% 

compared to the Steffen method. Therefore, we will not use information on the size of 

luggage in the proposed strategy. 

3.4.2 Verification of model behavior 

Regarding the logical correctness of the simulation model, we validate the model by the 

process mining technique [9] [25]. Whether the behavior of the simulation model satisfies 

the given specification or not is checked by verifying event logs generated by the 

simulator. The specifications for the passenger model and the cabin model are represented 

by temporal logic formulas and the model checking technique is applied to event logs. 
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Through this process, we found several bugs and fixed them [37]. 

We here validate the quantitative correctness of the simulation model, i.e., whether 

the boarding times measured by the simulator are similar to those by existing results or 

not. We compare the proposed simulation model with Steffen’s model [31] and the results 

of his experiments using a real aircraft [32]. The total boarding time is measured by the 

number of steps (counts) in the simulation and the actual time in the real experiments. 

Since details of the count are not mentioned in the dissertation, we here focus on the ratio 

to the random strategy. 

The simulation is conducted in the following way. Once all the passengers are on 

their seats, the simulation is restarted. We execute the simulation up to 50 000 counts. Tab. 

1 shows the results. It is observed that the ratios by the simulation models (Steffen’s model, 

the proposed model with 20 rows, and the proposed model with 12 rows) and Steffen’s 

experiments are similar. There is one discrepancy in the results by the simulation and the 

real experiments. In the real experiments, the back-to-front strategy outperforms the block 

strategy, whereas the back-to-front strategy gives the worst ratio in the three simulation 

models. We guess that overtake between passengers in the real experiment occurs and this 

may increase the performance of the back-to-front strategy. 

3.4.3 Simulation Results 

Using the results of the simulation, we analyze existing strategies to know why the Steffen 

method outperforms other strategies. The simulation results are also depicted in Fig. 14 

as heat maps, where the number indicated on each seat position is the average counts 

necessary for taking the seat. Tab. 1 shows the comparison results of existing strategies. 

Tab. 2 shows the deviation of the total boarding time by the proposed simulator. 

 

⚫ Back-to-front: This strategy gives the worst boarding time. The boarding time 

increases as the seat number decreases. This is because each passenger can take the 

seat after all the passengers having seats with larger numbers are seated. 

⚫ Outside-in: This strategy gives the second-best total boarding time. The deviation in 

the total boarding time is small. 

⚫ Block back-to-front: The performance of this strategy approaches to the back-to-
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front strategy if the number of blocks increases, and approaches to the random 

strategy if the number of blocks decreases. The total boarding time is between those 

of the two strategies. 

⚫ Random strategy: This strategy shows similar performance as the outside-in 

strategy. Since this is the strategy without any control, a burden to passengers is the 

lowest among all strategies. 

⚫ Reverse pyramid: Although the burden of this strategy is larger than that of the 

outside-in strategy, the improvement is small. The boarding time of aisle side 

passengers from No. 1 to No. 13 is relatively higher. During the simulation, 

congestion occurs on the aisle for these passengers. This is because the space on the 

aisle available to passengers becomes smaller as the boarding process proceeds. 

Reverse Pyramid is listed only in the Tab. 2 (not in Tab. 1), since the method was not 

tested in Steffen’s simulation [31]. 

⚫ Steffen method: This strategy gives the smallest boarding time. Compared to the 

random strategy, the boarding time is reduced to 56 % in the 20-row model, and 71% 

in the 12-row model. This result suggests that the performance of this strategy 

increases as the aisle becomes longer. In this method, the order of boarding is a total 

order and a unique number is assigned to individual passengers. As described in the 

introduction, this strategy is hard to be implemented in the real situation. 

 

The heat map in Fig. 14 shows that each boarding strategy has a considerable 

difference in throughput. In particular, the Back-to-Front method used by many major 

airlines is inefficient, and special methods such as Reverse Pyramid, which is said to be 

more efficient than existing methods, do not differ that much from the existing Outside-

in method. Next, we compare the results with those of previous studies: Tab. 1 shows the 

simulation results by Steffen (2008) [31] and the experimental data using the mockups by 

Steffen and Hotchkiss (2012) [32]. Since the simulation has 20 rows and the mockup used 

in the experiment has 12 rows, we created 20- and 12-row simulation models for 

comparison here, respectively. 
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(a) Back-to-front (b) Outside-in 

  

(c) Block back-to-front (d) Random 

  

(e) Reverse Pyramid (f) Steffen Method 

Fig. 14:  Heat map showing the boarding time of each seat. 

 

 

Tab. 1:  Comparison of existing strategies 

 Steffen (2008) Proposed Steffen (2012) Proposed 

Method Mean b) 

(count) 

Ratio c) Mean b) 

(count) 

Ratio c) Mean b) 

(time) 

Ratio c) Mean b) 

(count) 

Ratio c) 

Back-to-Front 6276 2.21 3701 1.95 6:11 1.31 794 1.73 

Block a) 4727 1.66 2390 1.26 6:54 1.46 591 1.29 

Outside-in 2750 0.97 1740 0.92 4:13 0.89 439 0.96 

Steffen 1312 0.46 974 0.51 3:36 0.76 312 0.68 

Random 2846 1.00 1897 1.00 4:44 1.00 459 1.00 

 (20 rows) (20 rows d)) (12 rows) (12 rows d)) 

a) In the block strategy, blocks of passengers enter from back to front. This type of block strategy 

is adopted in Steffen’s simulation and our simulation for the 20-row model. However, in the 

Steffen’s experiment for the 12-row aircraft mock, passengers are divided into three groups, Front, 

Center, and Back, and Back group boards first, Front group second, and Center group last. 

Therefore, the same block strategy is adopted in our simulation for the 12-row model. 

b) The unit for the column “Mean” is the number of steps (counts) in the simulation and the actual 

time in the real experiments. 

c) The mean value (average boarding time) is used for computing the ratio to Random strategy. 

d) In the 20-row model, the luggage loading time is assumed to be a uniform distribution between 

0 and 100. In the 12-row model, we generate the luggage loading time by the probability 

distribution measured in real situation [38]. 

 

F 1511 1440 1352 1290 1209 1132 1040 956 870 793 734 643 551 477 410 330 245 159 94 64

E 1552 1472 1390 1321 1233 1154 1066 987 905 824 756 669 586 509 434 355 275 191 121 86

D 1565 1488 1409 1331 1245 1166 1081 998 916 837 769 685 601 522 444 367 289 204 130 93

C 1564 1483 1404 1321 1241 1161 1084 1005 932 839 758 683 610 520 448 375 289 205 123 112

B 1552 1466 1388 1309 1219 1145 1074 993 919 825 745 672 597 510 437 364 274 189 111 102

A 1518 1438 1362 1283 1200 1121 1045 971 898 799 723 645 562 477 410 340 243 163 89 73

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

F 122 149 155 148 161 186 169 185 188 175 175 194 204 203 209 206 203 215 232 241

E 364 367 362 374 379 408 396 395 407 408 407 409 412 420 424 424 430 443 451 427

D 554 556 568 564 577 578 580 585 589 593 586 596 613 611 609 608 609 620 617 617

C 553 557 574 565 572 578 585 582 582 587 588 603 611 603 607 615 610 620 626 624

B 378 365 369 375 386 393 388 397 392 392 406 422 415 428 434 418 436 447 435 434

A 157 147 167 163 168 185 183 165 200 196 202 204 200 205 221 223 201 229 223 247

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

F 900 907 910 937 915 655 663 677 688 705 408 415 435 444 472 191 187 218 201 197

E 946 961 966 985 961 712 713 741 738 760 464 469 483 503 525 224 230 255 246 263

D 972 993 991 1010 1011 734 745 762 762 779 489 489 509 532 543 245 259 279 279 291

C 959 982 1017 1014 1024 732 753 749 764 786 499 493 521 528 529 242 266 275 281 280

B 944 959 991 988 996 708 728 726 739 763 472 472 497 504 499 221 241 256 259 264

A 893 917 933 927 922 663 673 658 690 708 410 427 441 450 430 168 198 206 205 219

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

F 430 401 391 400 360 432 449 389 456 434 439 424 434 395 502 487 516 441 457 471

E 501 509 489 479 487 523 534 487 546 528 525 539 546 519 582 601 590 534 587 579

D 545 563 553 534 527 578 598 552 594 596 585 594 590 569 624 649 640 589 643 626

C 538 534 568 555 571 578 589 570 586 588 598 562 605 623 616 632 638 613 614 621

B 472 486 531 480 507 531 549 515 556 528 549 521 553 567 554 591 557 552 565 552

A 364 420 443 397 426 436 448 405 456 431 460 388 473 450 436 504 458 447 462 442

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

F 390 384 394 414 242 236 249 255 108 118 116 116 132 128 147 162 149 177 159 184

E 539 541 544 549 400 395 410 415 421 415 437 432 433 436 283 276 276 298 306 311

D 656 658 662 668 670 677 675 674 685 684 684 691 708 569 570 578 583 588 595 592

C 655 654 657 674 676 670 677 680 683 691 698 694 700 572 573 577 581 586 589 593

B 536 536 543 543 408 399 418 417 422 417 429 430 432 437 275 282 292 299 301 314

A 375 394 408 397 240 249 254 258 117 117 132 120 138 145 140 149 157 157 165 176

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

F 60 126 62 128 62 128 63 129 64 129 64 129 64 131 65 131 65 131 66 132

E 181 237 181 238 182 239 183 239 183 239 185 240 185 241 184 241 186 242 185 242

D 282 331 283 331 283 332 285 332 285 333 285 334 286 333 287 334 287 335 288 336

C 258 306 260 307 260 308 261 309 261 309 262 310 263 310 263 310 264 311 265 312

B 153 209 155 210 155 211 156 211 156 212 157 212 157 212 158 213 158 213 159 214

A 28 94 29 95 30 96 31 96 31 97 31 97 32 98 32 98 33 98 33 99

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
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Tab. 2:  Comparison of deviation 

Method 
Max b) 

(Count) 

Min b) 

(Count) 

Mean b) 

(Count) 

Median b) 

(Count) 

 b) 

(Count) 
Ratio c) 

Back-to-Front 1452 1171 1308.4 1318 65.5 2.03 

Block a) 1024 734 862.9 865 55.1 1.34 

Outside-in 768 527 626.9 628 44.6 0.97 

Steffen 430 305 365.6 364 25.8 0.57 

Reverse Pyramid 750 538 631.9 631 45.5 0.98 

Random 734 541 646.1 652 41.7 1.00 

In the simulation shown in this table, we have used 20-row model and generated the luggage loading 

time by the probability distribution measured in real situation [38]. 

a) In Block strategy, blocks of passengers enter from back to front as in Steffen’s simulation. 

b) The unit for each column is the number of steps (counts) in the simulation. 

c) The mean value (average boarding time) is used for computing the ratio to Random strategy. 

 

The difference between the simulation comparison (20-row model) and the 

experimental data comparison (12-row model) is the number of rows and luggage loading 

time; since Steffen's (2008) [31] model uses a uniform distribution for luggage loading 

time, the 20-row model we created also generates luggage loading time from a uniform 

distribution. On the other hand, since the experimental data involve actual human luggage 

loading actions, the distribution according to Schulz (2018) [38] is used in the 12-row 

model. 

Since simulations are recorded in log files on a step-by-step basis, the time units 

are different from the experimental data, respectively. Therefore, we focus here on the 

relative throughput of each boarding strategy (“Ratio” column). Here, the throughput of 

the Random method is used as a reference and other boarding strategies are compared; in 

Tab. 1, the worst value in the demonstration is the Block method, but the simulation model 

created in this study shows that the Back-to-Front method has the worst value. This may 

be due in part to the fact that the model assumes the worst-case scenario. In the worst-

case scenario, the following passengers must always stop when a seat or aisle interference 

occurs. However, in the demonstration experiment, it is assumed that there were a certain 

number of passengers who slipped through behind even while the passenger in front was 

loading luggage. Other results are in good conformance with both simulation and 

demonstration results, indicating that the model reproducibility is good. 
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3.5 Summary 

This chapter presents the modeling and simulation results of aircraft passengers using 

object Petri nets. object Petri nets have the advantage of being able to replicate instances 

of the base Petri net, allowing a large number of passenger and seat instances to be 

generated and run concurrently as in an agent simulation. The model developed in this 

chapter is generally conformance with the simulations and demonstrations in previous 

studies. Furthermore, the model can be considered to be working correctly because it 

reliably reproduces seat interference and aisle interference, which are the main causes of 

queue formation. 

The object Petri net methodology developed here is used in the later stages of 

complex modeling, such as airport surface and airspace traffic flow, to simulate the 

creation of large numbers of instances, each operating independently. 
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Chapter 4  

 

Process Mining Approach for the 

Conformance Checking of Discrete-Event 

Simulation Model 

As described in Chapter 1, mesoscopic modeling of traffic flows is a technique for 

abstracting large volumes of continuous-value data into discrete-event models. Discrete-

event simulation is an effective method to reproduce the target system behavior and to 

investigate its mechanism. In order to grant the validity to the simulation output, the 

model has to show the compliance with specification and design. However, the test 

process to prove the validity would impose heavy workload on developers. In this chapter, 

we introduce a new approach to check the specification-conformance of the simulation 

model by using Process Mining technique. 

 

4.1 The correctness of discrete event systems 

Discrete-event simulation is an effective method to reproduce the time series of events 

and to investigate its mechanism. It is used for a variety of purposes, such as discovery 

of the optimal control, or evaluation of system performance. In some cases, however, the 

validity of simulation model would be treated as prerequisite, and the validity itself is not 

considered. If the simulation model did not work correctly, the result would naturally be 

incorrect. Many simulation models are often so unmeasurable and complex that ordinary 

method for scale like exhaustive search would not be effective. Finding out an 

abnormality that is deviation from the specification in the numerous paths can impose 

heavy workload on developers. 

The purpose of this study is to confirm that the specification is precisely reflected 
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in the actual implementation. We attempt to examine the conceptual simulation model by 

comparing it with the specification. Process mining is generally used for analysis of real 

systems. Since the method uses only the event log, it can be also applied to the model 

behavior analysis. This technique enables developers to effectively inspect the system 

property such as safety, liveness, and fairness [9]. In this chapter, we present a new 

approach to check the specification-conformance of the simulation model by using 

Process Mining and attempt to alleviate the developers’ workload in the test phase. 

4.1.1 Related work 

Balci (2004) argued that the modeling and simulation (M&S) validity would be one of 

the indicators affecting its quality and introduced techniques to assess the quality of large-

scale complex M&S [39]. In his study, he also argued that we are unable to claim the level 

of accuracy for M&S with 100% confidence due to many causes including M&S 

complexity, reliance on human judgment, qualitative measurements, lack of data, and lack 

of exhaustive testing. The validation and verification (V&V) for M&S is therefore equal 

to “confidence building” activity. It is important to specify the set of acceptability criteria 

for each M&S, and V&V eventually would depend on whether an appraiser can accept 

the test result. Although a confident level, for example, “95% confident that the M&S 

satisfies the acceptable criteria”, should be provided, it is very difficult to quantify the 

level. Law (2009) [40] introduced some techniques to build valid and credible M&S with 

claiming that it is difficult to apply the formal V&V method for various M&S. In his study, 

the 7-step approach is suggested. The result validation method for comparison of the 

model and system output data is introduced as its fifth step. The validity of M&S simply 

means how close the model is to the target actual system. A complex M&S can only be 

an approximation to the actual system, no matter how much time and cost is spent on 

model building. Law presented practical techniques to assess the approximation for 

developing valid and credible M&S. Sargent (2011) [41] also stated there is not any oracle 

that enables us to find the M&S valid. In his study, four practical approaches, namely, 

conceptual model validity, model verification, operational validity, and data validity are 

discussed. He claims that there is no absolute technique and method for each M&S project. 

Judging the validity of model is affected by an individual perspective. However, it takes 
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cost and time until sufficient confidence is obtained that a model can be considered valid 

for its intended application. The relation between model confidence and cost along with 

value of the model to a user are trade-off. M&S credibility depends on the confidence 

required in order to use a model and the output data from that model. Raunak and Olsen 

(2014) [42] followed the argument that simulation models are no different than software 

that are generally termed as “non-testable” due to the absence of a test oracle, and 

proposed quantification of V&V activities as an answer to the question “how much 

validation is adequate?” However, there has been little research to develop V&V related 

adequacy criteria for this type of software. They mentioned the fifth step result validation 

of the Law’s 7-step approach [40] which Sargent also mentioned as operational validity 

[41]. For the case of multiple elements to be validated in a M&S and multiple validation 

techniques, they proposed the method to compute validation coverage  

based on whether a specific validation technique for each validatable element has been 

successfully applied or not by assigning relative weights to validation techniques and 

elements. If   meets the predefined threshold, then enough validation has been 

performed on the simulation model. 

As mentioned above, there is no absolute methodology to decide the validity of 

M&S, and as Raunak and Olsen [42] claimed, M&S is very similar to the non-testable 

software type that have non-deterministic or probabilistic element. For such type of 

software, the statistical approaches on event occurrence can be useful. Our proposed 

approach can be effective for the non-testable M&S application. 

 

4.2 Process Mining Technique 

As mentioned in Chapter 1 and 2, we use Process Mining technique for conformance 

checking of discrete event systems and information extraction and behavior verification 

for mesoscopic modeling in this dissertation. In this chapter, we demonstrate the model 

conformance checking methodology by performing process mining on the event logs 

from the aircraft passenger boarding model created in Chapter 3. This section presents 

the properties of models that can be checked by process mining and an overview of the 

check method, and trace analysis is performed using a simple sample model. 
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4.2.1 Properties of systems checked by process mining 

Process mining is used to check from the event logs whether the properties expected by 

the designer are exhibited in the model. In this dissertation, the items to be checked using 

process mining are classified into the following three categories: 

 

(1) Safety Property: Every event recorded in the log should be part of the predefined 

state transition. If any unexpected events or state transitions are observed, it means 

the target system does not satisfy the specification. In the safety check, we confirm 

that there are no undesired incidents. 

(2) Liveness Property: We confirm that events to be executed should eventually be 

executed. In other words, every event that eventually designed to happen should be 

observed in each case in the event logs. 

(3) Fairness Property: If any deviation or unbalanced occurrence probability are 

observed, the target system may potentially contain some defects. Process Mining 

can inspect the probability of occurrence of the specific state and event in each trace 

to detect any unbalanced parts. 

 

4.2.2 Analysis method 

The target discrete-event simulation model is developed based on certain specification 

and design. Any event occurs in this model will be recorded in the event logs. The event 

log formatted in CSV is converted in XES (eXtensible Event Stream) through plug-in. 

The log file should include the occurring event, time of occurrence, executor, and event 

lifecycle, and if necessary, information to supplement the event (e.g., time required 

between events, event sequence, etc.). 

As shown in Fig. 15, we will introduce a test method consist of the two main parts: 

Event analysis and Trace analysis. Combining these means, we attempt to inspect the 

properties in 4.2.1. In the Event analysis, we examine the probability of occurrence and 

co-occurrence, and then confirm the fairness and the safety of each event. On the other 

hand, in the Trace analysis, we confirm that all the recorded traces are either within the 

expectation of design and observed uniformly in the event log. 
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Fig. 15:  Conceptual diagram of analysis through Process Mining. The event log output from the 

model is analyzed to check whether the model is operating correctly. Although the raw event log can 

be analyzed directly, the analysis can be simplified by an event log that localizes only some of the 

system's behavior. The superscript numbers in each analysis item correspond to each property 

mentioned in 4.2.1. 

 

4.3 Process mining on discrete event model 

As the test model to show the whole picture of the inspection by Process Mining, we 

firstly test a simple Petri net shown in Fig. 16. Petri net  has four places forming circle 

connected with four transitions. In the initial marking, the two tokens   and   are 

placed in places  and , respectively. In the net , each token can move regardless 

of the other token. Thus, there are multiple patterns of state transitions in . On the 

other hand, Petri net  has four places and transitions as well as , but  has a 

shared resource as a token located on the place connected with each transition. Token  

and  cannot move simultaneously because of the restriction. In this case, since  is the 

first to consume the colorless token that serves as a resource,  fires the transition first, 

and then  and  fire alternately. Therefore, there is only one firing sequence. 
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Petri net  Petri net  

Fig. 16:  Sample Petri nets for test. As a sample of the behavior check by process mining, we have 

two simple Petri net models:  has two colored tokens a and b looping over three places;  has 

the same looping structure, but  and  alternate with the colorless token as a competing resource. 

transitions are fired in turn. 

 

 

(a) Discovered model from  

 

 

(b) Discovered model from  

 

Fig. 17:  Discovered models from event log by Inductive Visual Miner. Since  has no control and 

only two tokens loop, the transition order of  and  in the discovered model is undefined. On the 

other hand,  has a restriction on the firing sequence of  and  by the colorless token, so that 

they always fire alternately. Therefore, the discovered model also shows a straight sequence. 

 

The firing transition records its name along with consume/produce token name into 

the event log. Fig. 17 shows the discovered models derived from their event logs, mined 

with ProM and Inductive Visual Miner. In , tokens compete for a single resource, so 
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the discovered model from   is only one straight way. On the other hand, the 

discovered model from  shows a branched mesh state transition because  allows 

each token moves freely. According to these discovered models, Petri Nets  and  

are operating as designed and there are no unintended state transitions. If unintended state 

transitions are included in the reproduced model, then there is something wrong with the 

implementation of Petri nets, and the model needs to be modified, focusing on the nodes 

where unnecessary transitions were identified. 

 

4.4 Process mining for aircraft boarding model 

Next, we apply Process Mining to the conformance checking for the aircraft boarding 

model created in Chapter 3. Passengers move around on the Cabin Petri net where three-

seat modules are located on both sides across the aisle. Passengers walk through the aisle 

to look for their seats. If there are no obstacles to seating, the passenger immediately takes 

a seat, and if the preceding passenger is already seated on the aisle side, the position 

change operation is performed. The simulation is completed when all of passengers take 

their seats. We check that passenger behavior in the simulation complies with the above 

rules and does not deviate from the design. 

4.4.1 Event Analysis 

Event analysis is an effective way to demonstrate that the target model behaved desirably 

according to the model design as the specification in Chapter 3. ProM and its plug-ins can 

provide the frequency of occurrence of each event and the results of analysis of start and 

end events. As shown in Tab. 3, all the case started from WA state and ended in SD state. 

This means that for all 3511 cases conducted in the aircraft passenger boarding simulation, 

all started with the passenger in walking state and ended with seated state. 

Furthermore, the frequency of occurrence is also important in the analysis: in Tab. 

3, WA state is 72.86%, indicating that most of the states recorded during the simulation 

are walking. This result is reasonable, as walking is the most common state while 

passengers are actually in the cabin. For example, the model created in Chapter 3 

simulates a 20-row aircraft cabin. If a passenger has seat row , WA state is recorded 
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every time the passenger passes through the aisle until row , and the transition to 

GS state finally occurs when the passenger reaches row  . In other words, when no 

position change occurs, WA is one time, GS is one time, and SD is  times. Therefore, 

the number of WA states that appear in the log will be large. Since all passenger instances 

are generated in WA state, all simulations start with WA of one of the passengers. If it 

starts on any other event, it means that there is a bug in the passenger Petri net. The end 

event is more important than the start event. The termination condition of a simulation is 

when all passengers are in SD state. Therefore, the fact that all 3511 simulations ended 

with SD means that all passengers were successfully seated. 

 

Tab. 3:  Event analysis result. The number of start and end events represents the number of cases and 

is the same as the number of simulations. This table shows 3511 simulations, all of which started with 

WA event and ended with SD event. 

 

 WA GS SD PC 

Count 4845180 796965 632570 375645 

(%) 72.86% 11.98% 9.51% 5.65% 

Start Event 3511 0 0 0 

(%) 100.0% 0% 0% 0% 

End Event 0 0 3511 0 

(%) 0% 0% 100.0% 0% 

 

The causal activity matrix enables to examine the causal relationship of each event 

and confirm that the state transitions are taking place as designed. Tab. 4 shows the Causal 

activity matrix created by extracting the logs of window seat passengers and aisle-side 

seat passengers from the event logs and the causal relationship between the events that 

appeared in each localized log. According to the definition of Causal activity matrix [43], 

a value close to 1.0 indicates that a causal relationship definitely exists between two 

events; a value close to -1.0 indicates that there is no relationship; a value close to 0 

indicates that the relationship is uncertain and there is no evidence for it. Let  and  

be two events in the event log. If  directly precedes y in all state transitions, the from 

  to   relationship value is 1.0. In other words, since   can be regarded as never 

preceding , the from  to  relationship value is -1.0. On the other hand, if the →  

state transition does not appear in the event log, the value is 0 because there is no evidence 
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to negate the relationship but also no evidence to establish the relationship. 

Comparing (a) window-side seats and (b) aisle-side seats in Tab. 4, we find a 

difference in the causal relationship between PC and SD states. This is because window-

side seat passengers do not change their SD state once they are seated. On the other hand, 

aisle-side seat passengers have to leave their seats and enter PC state again due to the 

position change operation even if they once entered SD state. The value is set to 1.0 

because SD→PC state transition appeared in the event log, which provided evidence of 

the relationship between PC and SD. 

 

Tab. 4:  Causal activity matrix. The directly follows relations between events are analyzed by ProM 

and Discover Matrix plug-in. Here, only the passenger logs for window-side and aisle-side seats are 

extracted and then analyzed, respectively. Items with differences between (a) and (b) are underlined. 

 

(a) Window-side seat passengers  (b) Aisle-side seat passengers 

 GS PC SD WA   GS PC SD WA 

GS 0.0 -1.0 1.0 -1.0  GS 0.0 -1.0 1.0 -1.0 

PC -1.0 0.0 0.0 0.0  PC -1.0 0.0 -1.0 0.0 

SD -1.0 0.0 0.0 0.0  SD -1.0 1.0 0.0 0.0 

WA 1.0 0.0 0.0 1.0  WA 1.0 0.0 0.0 1.0 

 

As described above, event analysis enables confirmation that there is no unintended 

occurrence of events by examining the frequency of occurrence of events and their 

relationships. If an imbalance in the frequency of events or unintended state transitions 

(causal relationships among events) are observed, then there are some potential errors in 

the model, and the errors need to be corrected. By referring to the results of process 

mining, abnormalities can be identified quickly. 

4.4.2 Trace Analysis 

Trace analysis offers us the detailed information of state transition with visualized 

concrete image. ProM and its plug-in can visualize the model output with mathematical 

modeling languages (e.g., Petri Net, Workflow-Net) [9]. The visualized graph could 

virtually be utilized as a kind of demonstration due to its image size. We can visually 

recognize the conformance of state transition only in case the trace divergence is scalable. 
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In other words, if the target system has a certain level of complexity, the divergence of 

traces would explosively increase, and it would be extremely difficult to detect 

undesirable traces by checking with our own eyes. Fig. 18 shows a visualized image of 

the event log output from the sample model by ProM. Although the sample model is not 

so large, even such scale can have quite large state divergence more than we could 

visually recognize, and the ProM also output the quite complex visualized image. We here 

attempt to localize the range of analysis for the large system, and finally confirm the 

conformance by stacking these small results. 

 

 

 

Fig. 18:  Explosively complex discovered model. Since the movements of all passengers in the event 

log, the discovered model directly from the raw data may not be useful for analysis. In order to reduce 

the discovered model to a level that can be visually confirmed by humans, it is necessary to localize 

the event log. 

 

In the early stage of model development, the model should be designed to be an 

aggregation of modules that are functionally separated. Modules should also be 

independent of each other, and their independences contribute to reduction of the 

inspection volume. As mentioned in Chapter 3, the aircraft passenger boarding model is 
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designed so that each seat instance is completely independent and does not interfere with 

each other. Also, all seat instances are replicated from the same Petri net. Therefore, by 

checking the seat module alone and showing that the behavior is as designed, we can 

guarantee that the behavior is correct after all passengers have entered the seat instance. 

Focusing on the seat instance, we can ensure that at least the minimum component 

of the model works as intended. In this case, if the test of the seat module is firstly 

completed, we can omit the test items for the other seats. Since the other seats are just 

duplicate of the module, the passenger's behavior inside is assured. Fig. 19 shows the 

analysis result of independent test of the module by ProM. There are only six traces, and 

the proportion of their appearances is approximately equal. The behavior of the 

passengers in the module is determined by the order in which they enter the room: there 

are six combinations of three passengers entering the room, which is exactly the same as 

the number of branches in Fig. 19, indicating that the state transitions are as intended. If 

the appearance rate is biased here, or if an unexpected number of branches is observed, it 

suggests that there is some error in the module. 

 

 

Fig. 19:  Firing sequences of the three-seat module. The x-axis shows the proportion of occurrences 

of each trace in the simulation, and the y-axis shows the number of events that make up the firing 

sequence for that trace. since the firing sequence changes depending on the order in which the three 

passengers arrive, a total of six different traces are identified. Each trace appears with approximately 

the same frequency. 

 

Fig. 20 shows the discovered model of the three-seat module. Compared to Fig. 18, 

the size of the model is much smaller, and the state transitions can be visually confirmed 

with a model of this size. Fig. 21 is the discovered model of the three-seat module limited 

to aisle passengers only. In the discovered model, after repeating WA state, it transitions 
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to GS state and then to SD state; if a position change still occurs after the passenger enters 

SD state, it transitions to PC state and then again from GS state to SD state. Fig. 21 

indicates that the state transitions are as designed and that there is no deviation from the 

design. 

In this way, instead of discovering the model directly from the raw event log, the 

size of the log is reduced to a level where the state transitions can be visually confirmed, 

and it is confirmed that there are no abnormalities or deviations in the behavior. 

 

 

 

Fig. 20:  Discovered model of the three-seat module. The numbers at each edge indicate the relative 

occurrence; the model size is much smaller than in Fig. 18 because the logs are restricted to the three-

seat module. 

 

 

 

Fig. 21:  Discovered model of an aisle-side seat passenger. Only the logs of aisle-side seat passengers 

are further extracted from the data of the three-seat module to reduce the model size. Localizing the 

logs to this level further simplifies the state transitions and makes them easier to check. 

4.4.3 Small-scale connection check of modules 

Next, we conduct an additional trace analysis by connecting several three-seat modules 

in series. Since the full cabin model consists of 40 modules and 120 passenger instances, 

the amount of analysis becomes large when the entire model is checked. In order to check 

L
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the joints between modules, we consider the seat arrangement with three rows of three 

seats on either side of an aisle. The first step is to perform the trace analysis focusing on 

the movement of each passenger. Fig. 22 shows the inspection result of the downsized 

event log by extracting each passenger’s behavior. Interestingly the result was quite 

clarified thanks to the size reduction. Each passenger’s behaviors are at most a few ways. 

A passenger walks through the aisle until reaching the seat, and then he is ready to get a 

seat. If a passenger is in a window-side seat (seat A or F in Fig. 22), the pattern can be 

divided into two cases: with or without a preceding passenger. If there is no preceding 

passenger, the passenger in the window seat is seated and no position changing occurs. 

On the other hand, if the middle or aisle-side seats are seated ahead of the others, a 

position-change operation will occur. This means that the behavior pattern is only two 

ways. 

Let us also consider the case where a passenger is seated in an aisle-side seat (seat 

C or D in Fig. 22). If an aisle-side seat passenger is seated ahead of the other passengers, 

but a middle or window-side seat passenger arrives later, he/she has to get up from their 

seat. The pattern can be divided into three cases: no position change occurs, one position 

change occurs (one of the window-side or center-side seats is seated ahead of the other, 

but the other passenger arrives later), and two position changes occur (there is no 

preceding passenger, and the window-side and middle seat passengers arrive later and 

change their positions, respectively). Fig. 22 shows that all traces have desired results in 

both occurrence rate and firing sequence. If this analysis reveals an anomaly in the 

frequency of occurrence of some traces, or if the firing sequence is not the expected 

number of events, it means that the Petri net contains some errors. In this way, instead of 

analyzing the entire event log directly, the behavior of the model can be verified by 

isolating and analyzing the necessary parts. 
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Fig. 22:  Occurrence ratio of passengers’ behavior (3-seat×2-column×3-row dimension). Fig. 19 

shows the trace of the entire three-seat module, but here the trace analysis results for each passenger 

are shown. For example, for passenger 1A in the window-side seat, approximately 30% of the firing 

sequences with 4 events and 70% of the firing sequences with 6 events appear. The difference is the 

presence or absence of the position-change operation. The ratio of the number of events for passenger 

1A in the window-side seat is the same as the ratio of events for aisle-side or middle seat, which is a 

1:2 relationship. 

4.4.4 Behavior conformance by LTL Checker 

As mentioned in 4.2.1, we confirm that the simulation does not go into any unexpected 

state and all the traces are included in the predefined sets. However, although we know 

that passengers are safely seated, that they have not entered an abnormal state, and that 

no abnormal firing sequences have appeared, we do not know whether the rules that the 

designer wants them to comply are being complied. 
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For example, in the aircraft passenger boarding model, the simulation is completed 

when all passenger instances are seated (in SD state). If there is an occurrence of an 

overtaking action or neglect of a position change operation in the middle of the simulation, 

it is difficult to ascertain them only by event analysis or model discovery from traces. 

Although each instance in the model performs only simple actions, they are executed 

concurrently in large numbers. Rule compliance checks should be performed to ensure 

that passengers are not overtaking or that no passengers are "cheating" in the position-

change operation. In this dissertation, we use Linear Temporal Logic (LTL) to describe 

the rules we want the model to comply and check whether they are actually complied in 

the simulation. 

ProM offers LTL Checker plug-in [44] to check such pre-defined properties and 

detect errors in characteristic of the model considering the real world. LTL [45] is a modal 

temporal logic and used as a mean to describe the required specification in the model 

checking. LTL can offer satisfaction of condition described in LTL formula in the specific 

trace where the state will change as time flows. LTL formula is built up from atomic 

proposition , logical operators and temporal operators. Logical operators 

are usual truth functional connectives in logic. Temporal operators are also connectives 

that enable to describe properties of state transition. 

 

Let   be a set of propositions, then   are LTL expressions if 

 . When   and   are LTL expressions, ¬ ， ∧ ， ∨  , 

, , , , ,  are also LTL expressions. An explanation of 

the temporal modal operators is given in Tab. 5. 

 

Tab. 5:  Temporal modal operators in ProM LTL Checker 

Operator Symbol on ProM Meaning Description 

G [] Globally 
For proposition  ,   implies that   always 

holds. 

F <> Future 
For proposition  ,   implies that   will 

eventually hold at some future time. 

N _O Next 
For proposition  ,   implies that has to 

hold at the next state. 

U U Until 
For propositions  and ,  implies that  

holds until  becomes true at some future time. 
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The LTL Checker plug-in of ProM offers preset LTL formula editable on GUI and 

import function for an external LTL file. Instructions for using the LTL checker can be 

found in the reference manual [46]. We use LTL Checker for mainly the following 

purposes: 

 

 Validity check for event log: The event logs output by the simulation model are not 

simply for simulation purposes only, but can be used for various purposes, such as 

identifying congestion points and improving traffic flow by extracting statistical 

information. Therefore, at least in the event log, we need to ensure that the model 

complied with the rules desired by the designer. The LTL check allows the designer 

to confirm both properties: that what should not happen by design does not actually 

happen (safety) and that what the designer wants to happen eventually happen 

(liveness).  

 Bug detection: If a bug is latent in the model and traces containing a rule violation 

exist in the event log, LTL check can detect them in a short time. However, since 

error traces may appear with extremely low frequency, a fairness check (checking the 

frequency of occurrence) is essential in trace analysis as a preliminary step to LTL 

check. 

 

In the case of the aircraft passenger boarding model, we can verify that each 

instance is not behaving improperly in the model by inspecting two rules: (i) there are no 

unexpected state transitions in the passenger alone, and (ii) there are no improper 

overtaking behaviors for all combinations of two passenger instances. The model can be 

checked to ensure that each instance is not behaving improperly in the model. For rule (i), 

we confirm that all passenger instances can take only four states (WA, GS, PC and SD), 

from the results of Tab. 3, and the causal activity matrix (Tab. 4) shows that the state 

transitions are normal as designed. However, when associating the occurrence events with 

the executors and distinguishing each event one by one, the causal activity matrix cannot 

be applied due to its huge size. 

Therefore, we use the LTL formula to describe the rules to be complied and to check 

to ensure that there are no violations in each trace. Let us consider a 𝑘-row passenger 

pair 𝑘   and 𝑘   (1 ≤ {𝑖, 𝑗} ≤ 20)  in the aircraft passenger boarding model: if 𝑘  



53 
 

becomes GS state, 𝑘  is not allowed to interrupt and enter GS state at the same time. By 

describing this rule in LTL and checking compliance for all passenger pairs, we are able 

to confirm that there are no inappropriate interruptions at the entrance of a seat. In the 

rule (ii), by checking that no overtaking behavior has occurred in passenger pair 𝑘 , 𝑘 , 

we can confirm that no irregular overtaking has occurred during the simulation time. Note 

that the number of LTL formula can be reduced by targeting only those 𝑘  that are in WA 

state between 𝑘  entering the aircraft Petri net and becoming SD state, but in this case, 

LTL checks are performed for all passenger combinations. 

 

 Two passengers are in the same row of seats: If 𝑘-th row (𝑘 ∈ 1, … ,20) passenger 

( 𝑘  ) passed the first row then another passenger ( 𝑘  ) followed, which means 

passenger (𝑘  ) passes firstly the row (0) and goes into WA state, the preceding 

passenger (𝑘  ) will also pass row (𝑘 ) and goes into GS state, then the following 

passenger (𝑘 ) will pass row (𝑘) and goes into GS state. Since the ProM LTL checker 

inspects each trace, the safety property can be checked by indicating the absence of 

error traces. The detection of error traces can be expressed by 𝐹  (Future) operator, 

this rule is therefore expressed in the LTL Checker format as: 

𝐹 (𝑝𝑒𝑟𝑠𝑜𝑛 = 𝑘 ∧ 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑊𝐴) ∧ 𝐹 𝑝𝑒𝑟𝑠𝑜𝑛 = 𝑘 ∧ 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑊𝐴 →

𝐹 (𝑝𝑒𝑟𝑠𝑜𝑛 = 𝑘 ∧ 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 = 𝐺𝑆) ∧ 𝐹 𝑝𝑒𝑟𝑠𝑜𝑛 = 𝑘 ∧ 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 = 𝐺𝑆 . 

 

 Two passengers are in the different row of seats: If two passengers are in different 

seating rows, the order in which they enter the aircraft should be considered. Here 

we consider the case where the passenger in the front row is ahead and the passenger 

in the back row enters later. If the passenger (𝑘 + 𝑙) passed the first row and goes into 

WA state, then another passenger (𝑘) passed the first row and goes into WA state, the 

preceding passenger (𝑘 + 𝑙) will pass row (𝑘) and thereafter the following passenger 

(𝑘) will pass row (𝑘). In this case, unlike the case where passengers are in the same 

row, passenger (𝑘 + 𝑙 ) does not enter GS state when it passes through row (𝑘 ). 

Therefore, it is not known which passenger (𝑘 + 𝑙) or passenger (𝑘) would enter GS 

state first. Therefore, the LTL Checker format is used here, and the firing transition 

is specified by event. Let 𝑡  denote the transition in front of the seating row, the LTL 

formula can be described as follows: 
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𝐹 (𝑝𝑒𝑟𝑠𝑜𝑛 = (𝑘 + 𝑙) ∧ 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑊𝐴) ∧ 𝐹 𝑝𝑒𝑟𝑠𝑜𝑛 = 𝑘 ∧ 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑊𝐴  

→ 𝐹 (𝑝𝑒𝑟𝑠𝑜𝑛 = (𝑘 + 𝑙) ∧ 𝑒𝑣𝑒𝑛𝑡 = 𝑡 ) ∧ 𝐹 𝑝𝑒𝑟𝑠𝑜𝑛 = 𝑘 ∧ 𝑒𝑣𝑒𝑛𝑡 = 𝑡  

 

Here is an example of a rule violation in a trace and its detection by the LTL formula. 

Case 1 and Case 2 in Fig. 23 show the state transitions without position change operation. 

In Case 1, 𝑘  is seated after 𝑘  is seated, and they do not enter GS state at the same time. 

On the other hand, in Case 2, 𝑘   transitions from WA state to GS state before 𝑘  

transitions from GS state to SD state, resulting in both being in GS state. Therefore, Case 

2 is detected as a rule violation. Cases 3 and 4 show the state transitions with position 

change operation. In Case 3, initially 𝑘  in SD state leaves the seat again and enters PC 

state at the same time that 𝑘  arrives and enters GS state. After 𝑘  enters SD state, 𝑘  

also transitions to GS and SD states. On the other hand, in Case 4, 𝑘  transitions from 

PC state to GS state immediately after 𝑘   leaves the seat to change their positions, 

resulting in 𝑘  and 𝑘  entering GS state at the same time. Therefore, Case 4 is detected 

as the rule violation. 

Especially in Case 4, there is no abnormality in the behavior except that two persons 

entered GS state at the same time, and it is difficult to detect a rule violation by looking 

only at events and traces. 𝑘 's movement alone shows that he left SD state for position 

change operation, and then transitioned PC→GS→SD. This is normal behavior when 

viewed as a stand-alone passenger Petri net. In other words, this violation cannot be 

detected by looking only at the movement of individual passengers. It is also difficult to 

detect the rule violations in trace analysis or model discovery. Compliance with the rules 

can be checked by describing each rule in LTL formula. 

The models created in this dissertation run sequentially and concurrently by object 

Petri nets. Furthermore, since the model is composed of many subnets combined, it is 

difficult to check for the presence of rule violations in the huge event logs. Therefore, we 

focus on passenger pairs only and describe rules in LTL. By performing LTL checks on 

all pairs of passengers, rule compliance can be ensured for all behaviors performed on the 

model. 
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Fig. 23:  Sample of rule violations detection in tracing. Two passengers in -th row are extracted 

from the event log and arranged in order of execution. Rule violation occurs in the red circle in Case 

2 and Case 4. 

 

4.5 Summary 

While correct model behavior is a prerequisite for simulation, it is difficult to build the 

model that has a mechanism for verifying its own correctness. It is necessary to 

incorporate verification methods in the design phase. If the correctness of the behavior 

can be confirmed from the event log, which is the output of the model, the time and effort 

required to build a mechanism for inspection can be greatly reduced. Although a simple 

comparison of event log information and actual data may confirm the reproducibility of 

the model, it is difficult to accurately determine the degree to which it reproduces reality. 

Even if the reproducibility is high, the model is inadequate if it contains errors. 

In this chapter, we introduced a novel test method by Process Mining using only 

event log. This method offers several means to confirm the correctness of the target model 

from many aspects. Since the event log is finite, Process Mining cannot prove the 

thorough and permanent correctness of the model. However, we can acquire at least the 

validated logs that are applicable for subsequent analysis or statistics. This method will 

exert its strength in case of the black box model. Especially it can be used for debugging 

in the poor environment where no debuggers or similar functions are provided. 

Furthermore, since this method does not impose the systems to append the extra 

mechanism for test, it is expected to considerably reduce the developers’ workload.  
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Chapter 5  

 

A Method for Mesoscopic Modeling of 

Large Volume Traffic Flow Applying 

Process Mining Techniques 

In Chapter 3, we developed a modeling methodology that considers traffic flow as a 

discrete event system, and in Chapter 4, we presented a conformance check method to 

ensure that the created model is working properly. The modeling framework developed 

in this dissertation analyzes traffic flow data, which is the source of modeling, and graphs 

it as a discrete event system. Model creation from these traffic flow data can be used for 

various purposes but handling large-volume traffic flow data requires huge computing 

power and a great deal of work. To mitigate this problem, we propose mesoscopic models 

in which continuous values are replaced with statistical information derived from reduced 

data by discretization while retaining the model abstraction level that allows for 

bottleneck verification and identification of stagnation. In this chapter, a novel model 

creation method that reduces the workload by applying process mining techniques are 

presented. Using airport traffic flow data as an example, we create an actual model and 

show that process mining techniques are quite useful in the modeling process. 

 

5.1 Using Process Mining for Mesoscopic Modeling 

Highly accurate, high-frequency, large-capacity traffic flow data are available to the 

public. As traffic flow data has become more accurate and frequent, handling it directly 

requires huge storage and computing power. In addition, if the data granularity is too high, 

then it becomes difficult to see the events that should be checked in the model [8]. 

Therefore, depending on the purpose of modeling, data abstraction is necessary. Here, we 
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consider mesoscopic modeling approach that replaces continuous values with statistical 

information obtained by discretizing them. By this approach, it is possible to reduce the 

data size while retaining the model abstraction level that allows further analysis. 

There are two challenges in creating a mesoscopic model. The first is that it requires 

time and effort to discretize the traffic flow and extract features. Secondly, the previous 

model would no longer be useful in case of the environmental change that affects the 

traffic flow. Each time the environment changes, the same amount of effort is required to 

rebuild the model from initial data acquisition. The model needs to be maintained by 

persons who have the necessary knowledge and skills. Therefore, we attempt to solve the 

above problems by applying process mining technology to the model creation. We have 

already used process mining techniques for conformance checking in Chapter 4, and these 

techniques are also useful in extracting the information needed for mesoscopic modeling. 

By applying this technique to mesoscopic modeling of traffic flows, we propose an 

efficient method for identifying traffic patterns, removing noise, and extracting statistical 

information. Furthermore, by creating a mesoscopic model from actual airport surface 

traffic flow data [47], we show that the model created by process mining is useful for 

traffic flow analysis. The mesoscopic modeling approach applying process mining 

techniques is outlined as follows. First, an abstracted route graph is defined to summarize 

traffic flow data. Next, based on the graph, continuous data is converted into discrete 

events, and an event log is generated. Finally, process mining is performed using the event 

logs to extract statistical information needed for modeling. In this chapter, we actually 

create a model of the airport surface traffic flow and evaluate the accuracy of the model. 

 

5.2 Modeling Overview 

5.2.1 Application of Process Mining to Traffic Flow Data 

Process mining is a technique for discovering bottlenecks and inefficient procedures 

inherent in a system through the analysis of recorded events and traces based on the event 

logs output from the system [9]. It is mainly used in business process analysis to analyze 

workflows [48] and improve inefficient procedures, and it can also be used for checking 
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whether the system behaves as expected and conforms to specifications [8], but there are 

currently almost no examples of this being used for traffic flow analysis. This is because 

process mining is suitable for events of a nature that can record events in a discrete manner. 

However, there are some studies similar to traffic flow data; traffic forecasting between 

network nodes [49] and TCP/IP logs analyzed by process mining and used for protocol 

mining [50]. Process mining was also applied to rail traffic [51]. The study applied 

protocol mining to log files obtained from the operating system to measure the operation 

performance, and also attempts to re-adjust the block time and track section of each 

vehicle. The powerful analysis techniques described above can be used in traffic flow 

analysis by abstracting the data to the scope of process mining. 

5.2.2 Process Flow of Mesoscopic Modeling 

Process mining requires a time-based event log in which each event that occurred in the 

system is recorded. The event log represents the behavior of the system itself, but if each 

event in the traffic flow data is recorded as an event, the amount of analysis will be 

enormous and a state explosion will occur, so it needs to be discretized to some extent. 

Therefore, we consider extracting the major nodes in the traffic flow and recording their 

passage time as an event. The depth of mesoscopic depends on how detailed the nodes 

are set. In other words, if the number of nodes is small, the model will approach 

macroscopic and the amount of data will be small, and the traffic flow reproduced in the 

model will be rough. On the other hand, if the number of nodes is large, the model 

approaches microscopic and the amount of data increases, and the model can reproduce 

detailed traffic flow. 

Fig. 24 shows the process flow of the mesoscopic modeling with process mining 

technique. The first step is to extract the major points in the traffic flow and to create an 

abstracted route graph with these points as nodes. Next, the elapsed time spent passing 

each node is extracted from the raw traffic flow data and recorded in an event log. The 

event logs are then analyzed by process mining to obtain statistical information, and a 

final mesoscopic model based on the abstracted route graph and the statistical information 

is created. 
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Fig. 24:  Process flow of mesoscopic modeling with process mining: The statistical data necessary 

for mesoscopic modeling is acquired by process mining. 

 

Process mining is used as a support tool to streamline to make statistical data from 

continuous values. The process flow is basically an analysis of discretized event logs, 

which overlaps with conformance checking in Chapter 4, but the purpose of execution is 

different. The purpose of using process mining technique in the mesoscopic modeling is 

to extract needed information and data cleansing to eliminate undesired noise in traffic 

flow data. 

 

5.3 Mesoscopic Model of Airport Surface Traffic Flow 

Here we use airport surface traffic flow data as an example of the mesoscopic modeling 

applying process mining. Traffic flow on the airport surface is limited to a small area, and 

moreover, it is two-dimensional data with no concept of altitude. Aircraft traffic is fixed 
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to taxiways and runways only, and no other routes are available. Unlike vehicles and 

pedestrians, airport surface traffic is restricted by severe rules, which means that moving 

aircrafts are almost never subject to irregular behavior. Therefore, since it is a simple 

traffic flow, it is easy to demonstrate the effectiveness of process mining in the 

mesoscopic modeling and is suitable as an example. As the airport surface traffic flow 

data, we use CARATS Open data [47]. CARATS Open data consists of flight trajectory 

data of all regular flights in Fukuoka FIR (Flight Information Region) and airport surface 

traffic data of some major airport in Japan. The sources of the data are radar data and 

flight plans. For each flight, the following information is recorded in 10-second cycles 

for airway data and approximately 1-second for airport surface data: timestamp, flight 

number (unique identification of the flight), latitude, longitude, altitude, and aircraft 

model (e.g., B772, B738, A320). The data contains flight trajectory data in one week of 

every odd month (2012-2016); every month (2017, 2018).  

5.3.1 Graph design and node detection 

The first step is to define an abstracted route graph as the framework of the mesoscopic 

model of the airport surface traffic flow. The degree of discretization of the mesoscopic 

model depends on how detailed the nodes of the graph are, but if the nodes are the 

junctions of taxiways and runways, and all the data between them are converted into 

statistical values, a model with sufficient granularity can be created to identify bottlenecks 

and calculate the amount of airport surface traffic [47]. Each taxiway and runway 

published in the AIP (Aeronautical Information Publication) is extracted and both ends of 

the taxiways and runways are set as nodes. 

To create an event log for process mining, we extracted the aircrafts’ passing 

information of each node in the defined graph and transformed the coordinate information 

recorded in the CARATS open data into a Cartesian coordinate system centered on the 

ARP (Airport reference point) [52]. In addition, we set a rectangle on each intersection of 

runway/taxiway as the checkpoint to detect crossing trajectories. By judging the 

inside/outside of each rectangle and trajectory, the timing of the aircraft's passage can be 

obtained as an event. 
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Fig. 25 shows the results of the inside/outside determination for all traffic flow data. 

If a node is judged to be inside the rectangle, it is considered to have passed the node and 

the time of passage is output to the event log, while all other data is discarded. When 

outputting the log, the edge (taxiway or runway) is determined from the two-point pairs 

(start and endpoints) of the nodes shown in  

Fig. 25 (a) and recorded as an event. An edge containing multiple nodes is identified 

if the start and end points match any two points in the node list. In the case of CARATS 

open data, the amount of data was reduced by about a factor of 40 when the event logging 

was completed. 

 

  

(a) Abstracted route graph (b) Node detection result 

 

Fig. 25:  Airport surface graph: The x-axis and y-axis represent the distance from ARP (Airport 

Reference Point) in meter. The graph in (a) consists of the main routes, runways and taxiways, and 

their intersections as nodes. The node detection result in (b) was obtained by setting rectangles on the 

airport surface according to the node coordinates of the abstracted route graph and performing an 

inside/outside decision on the raw data in each rectangle. 
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5.3.2 Process mining for mesoscopic modeling 

Event Analysis: First, we split the event log into the arrival and departure aircrafts for 

event analysis, and the results were as shown in Tab. 6. In general, the arrival aircraft 

always starts from RWY (Runway) and stops at E/W-APRON (East/West Apron). 

Therefore, the start event should be RWY, and the end event should be only E/W-APRON, 

but according to Tab. 6, there are latent abnormal cases that start and end in other places. 

In the case of arrival aircraft, 99.81% of the start events and 97.90% of the end events are 

normal, and the rest are abnormal cases. In the case of departure aircraft, 97.22% of the 

start events and 99.74% of the end events are normal, and the rest are abnormal cases. 

The causes of this can be classified into three main categories: (i) errors during data 

recording, (ii) errors during event log generation, and (iii) actual irregular operations. 

During data recording, the blind area of radar and the data fluctuation may result in 

missing records and noise. As for errors in generating the event log, for instance, in the 

case of the node detection, there may be cases where edges cannot be detected due to 

misalignment of positional information, etc., in the process of extracting passing taxiways.  

 

Tab. 6:  Event analysis result. Grayed out events are those that are considered noise in the raw data. 

Arr/Dep Start/End Events Occurrence Rate Noise 

Arrival Start events RWY 2658 99.81%  

  Other 5 0.19% x 

 End events E-APRON 2052 77.06%  

  W-APRON 555 20.84%  

  Other 56 2.10% x 

Departure Start events E-APRON 2028 76.27%  

  W-APRON 557 20.95%  

  Other 74 2.78% x 

 End events RWY 2652 99.74%  

  Other 7 0.26% x 

 

An example of an irregular operation would be, for example, when a departing 

aircraft breaks down during the taxiing and returns to the spot without taking off. Or, if 
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the airport layout is such that there are two terminals across the runway, it may involve a 

runway crossing to only move between spots. In such a case, the aircraft would depart 

from the apron and reach the runway, but would not terminate there, but would continue 

moving and stop at the opposite apron. 

 

Trace Analysis: The next step is to perform trace analysis using Explore Event Log, a 

standard ProM plug-in. Tab. 7 shows the top 10 cases of traces and a part of the abnormal 

traces for departure aircraft. The majority of the traces that appear start at E/W-APRON 

and end at RWY. However, as mentioned in the event analysis, some of the traces are 

recorded in the event log in an incomplete state. As we can see from the abnormal case, 

for instance, in the trace <E2, RWY, END>, the departure aircraft that should have started 

at E or W-APRON actually started at taxiway E2. This could be due to missing data or 

noise during event log generation. Trace <E4, W2, B12, B11, W1, RWY, END> also starts 

from taxiway E4 instead of the apron. This may be due to missing data at the start. In 

addition, as an actual case of irregular operation, in the traces <W-APRON, RWY, E8, 

A5, A4, A3, E-APRON>, the aircraft left the west apron and entered the runway once, 

but it left the runway then stopped at the east apron.  

 

Tab. 7:  Trace analysis result 

(a) Departure trace (Top 10 occurrence) 

# Trace Occurrence Rate 

1 E-APRON, E1, RWY, END 485 18.24% 

2 W-APRON, B2, B12, B11, W1, RWY, END 362 13.61% 

3 E-APRON, A21, E2, RWY, END 333 12.52% 

4 E-APRON, A22, A21, E2, RWY, END 177 6.66% 

5 W-APRON, B42, B43, B5, B6, W9, RWY, END 117 4.40% 

6 E-APRON, A21, A1, E1, RWY, END 94 3.54% 

7 E-APRON, A1, A21, A22, A3, A4, A5, A6, A71, A72, A73, A74, E13, RWY, END 93 3.50% 

8 E-APRON, E4, RWY, END 92 3.46% 

9 E-APRON, A3, A4, A5, A6, A71, A72, A73, A74, E13, RWY, END 90 3.38% 

10 E-APRON, A3, E4, RWY, END 79 2.97% 
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(b) Departure trace (Abnormal case) 

# Trace Occurrence Rate 

1 E-APRON, A4, E7, W5, B41, B42, B43, B5, B6, W9, RWY, END 1 0.04% 

2 W-APRON, RWY, E8, A5, A4, A3, E-APRON 1 0.04% 

3 E-APRON, A3, E4, W2, B12, B11, W1, RWY, END 1 0.04% 

4 W-APRON, RWY, E8, A5, A4, A3, E-APRON 1 0.04% 

5 E-APRON, A1, A21, E3, RWY, END 1 0.04% 

6 E4, W2, B12, B11, W1, RWY, END 1 0.04% 

7 A22, A3, A4, A5, A6, A71, A72, A73, A74, E13, RWY, END 1 0.04% 

8 A3, A4, A5, A6, A71, E10, RWY, END 1 0.04% 

9 E-APRON, E4, W2, B12, B11, W1, RWY, END 1 0.04% 

10 E2, RWY, END 1 0.04% 

 

While it is unclear what the actual circumstances were, we assume that some 

problem occurred on the taxiway, and the aircraft was forced to pass the runway again to 

avoid it, or that it was simply a spot swap. Since the number of these occurrences is small 

for the entire trace, they have little effect on the statistical information even if they are 

excluded. Therefore, they can be regarded as unnecessary noise for model creation and 

can be excluded from the analysis. 

 

De-Noising: When performing process mining, assuring data quality is important and a 

challenge [48] [53]. It is necessary to eliminate errors as much as possible, but it takes a 

lot of time and effort to make judgments while checking each trajectory, and if an error is 

overlooked, the model will be created with potential errors remaining. In ProM, the 

standard plug-in Explore Event Log allows sorting in ascending order according to the 

frequency of occurrence of traces, and it is possible to regenerate the event log from which 

any trace is extracted. Traces with a low frequency of occurrence at a level that does not 

affect the statistics are eliminated here. So, traces with an occurrence rate of less than 1% 

were eliminated. The analyst should observe the pattern and occurrence rate of traces in 

the modeled events to determine the appropriate filter settings. 

 

Graph Discovery: As mentioned in Chapter 4, process mining enables model discovery 
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from event logs. It is possible to visually compare the event to be modeled with the 

discovered model, and if unintended state transitions are identified, the model can be 

quickly corrected. ProM's Inductive Visual Miner plug-in can be used to reproduce 

transition patterns from event logs as discovered model. The reproduced graphs can also 

be used as a reference for model creation. The graph of the arrival traffic from the data 

before de-noising is shown in Fig. 26 (a). The data is overfitted with unnecessary noise, 

resulting in a state explosion.  

 

 

(a) Discovered graph of arrival traffic (full). 

 

 

(b) Discovered graph of arrival traffic (de-noised). 

 

 

(c) Discovered graph of departure traffic (full). 

 

L

L

L
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(d) Discovered graph of departure traffic (de-noised). 

 

Fig. 26:  Discovered models from event logs for each arrival/departure aircraft by Inductive Visual 

Miner. The discovery models directly from the raw event logs contain some incorrect transitions due 

to noise. On the other hand, in the de-noised discovered models, incorrect transitions are eliminated, 

and the overfitting is improved, making it easier to visually check. 

 

On the other hand, Fig. 26 (b) shows the graph of the arrival traffic after de-noising, 

in which unnecessary transitions are eliminated and the number of branches is reduced to 

a level that can be visually confirmed. This is also true for the departing aircraft traffic in 

Fig. 26 (c) and (d). 

When using the reproduced graph for modeling, the number of branches should be 

a readable level as shown in Fig. 26. If there are too many branches, it becomes difficult 

to confirm. In addition, the reproduced graph should be visually checked [37] because 

they are useful for checking whether there are any abnormal state transitions by analyzing 

the output log again by process mining after the model is created. 

 

5.4 Airport Surface Traffic Flow Model 

5.4.1 Probability Density Distribution of Taxi Time 

The process so far has completed the extraction of traces (patterns) of airport surface 

traffic flow. Furthermore, with the probability density distribution of the time required for 

the transition between nodes (events), we can create a mesoscopic model of the airport 

traffic flow. The unimpeded taxi time of an aircraft on an airport surface traveling at 

normal speed without a single stop corresponds to the Erlang distribution [54] [55]. 

According to Khadilker (2013) [54], in airport surface traffic flow, the probability density 

distribution of travel time is asymmetric, which is most proximate to the Erlang 

distribution. On the other hand, Burgain had proposed a normal distribution [56], so 

L
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Khadilker calculated the Kullback-Leibler divergence [57] for the normal, lognormal, and 

Erlang distributions for confirmation. As a result, the Erlang distribution was consistently 

the smallest value in the airport surface traffic flow data. Therefore, in this dissertation as 

well, the Erlang distribution is used for the airport surface traffic flow model. Utilizing 

process mining, we obtain the probability density distribution of the taxi time required 

for each event and reproduce the transitions between each node in the graph. 

Each node in the graph defined in 5.3.1 corresponds to a taxiway and a runway, and 

each time an aircraft enters a node, it is logged as an event. Therefore, by extracting the 

time required for the event through process mining, we can create the data necessary for 

curve fitting of the probability density distribution. ProM allows the insertion of elapsed 

time in all events by the “Add elapsed time in Trace as Attribute to all events” plug-in. 

The elapsed time inserted in each event becomes the sojourn-time on each taxiway and 

runway. 

 

 

Fig. 27:  Probability density of flight times taxi times on some typical links for departure traffic. The 

travel time between nodes can be calculated from Erlang distribution fitted to the real data. The  

and  in the upper left of each plot indicate Erlang distribution parameters. 

 

Fig. 27 shows the probability density distribution of the sojourn-time for each event 

(runway/taxiway) obtained by exporting the log with the elapsed time inserted from ProM. 

The same process was performed for all the taxiways (after de-noising) that appeared in 
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the trace analysis, and further curve-fitted to the Erlang distribution to calculate the 

probability distribution parameters of the formula . ProM and its 

plug-ins combination enable to reduce the effort to obtain these necessary data. 

5.4.2 Creating Mesoscopic Model 

Based on the data obtained so far, we create a mesoscopic model to reproduce the traffic 

flow of the airport surface. As in Chapter 2, object Petri nets RENEW is used as the 

modeling language. Since the mesoscopic model discretizes continuous data and replaces 

them with statistical information between nodes, we consider a stochastic Petri net that 

gives a probabilistic delay time for each node movement (firing of transitions in the Petri 

net). The delay time required for transition firing can be given as a function in RENEW, 

we used the delay time of transition firing to represent luggage loading time in the aircraft 

boarding model in Chapter 3. In the airport surface traffic flow model, we use the 

probability density distribution obtained in the previous section to generate the taxi time. 
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Fig. 28:  Mesoscopic Petri net airport surface model with RENEW (excerpt): Each node has a built-

in queue as a submodel, and inputs and outputs are performed simultaneously with the firing of 

neighboring transitions. 

 

Fig. 28 shows a portion of the created model, which is a set of Petri nets based on 

the departure aircraft traces output by ProM. The paths taken by each aircraft are all 

detected in the trace analysis, and since the traces in the event log are de-noised, the 

airport surface traffic flow can be directly reproduced by the Petri net corresponding to 

the traces. The Petri net shown in Fig. 28 is a hierarchical net, where each trace node 

incorporates a queue instance as a submodel. Since RENEW can treat individual Petri net 

as object, it is possible to have all traces share the same queue. Thus, all aircrafts passing 

through each trace use a common taxiway and runway submodel (queue), which will 

reproduce the actual traffic flow competing for the same resources. 
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5.4.3 Model Evaluation 

This section presents the result of accuracy evaluation by comparing the created model 

with actual data. As an example of model evaluation, we compare the traffic volume by 

time. The traffic volume on the airport surface is the number of aircraft present on the 

airport surface at a given moment [54] [58]. Here, the time axis is divided into slots of 

fixed time (60 seconds), and the number of aircraft on the airport surface is counted in 

each slot (Fig. 29). 

 

 
Fig. 29:  Airport surface traffic level: This graph shows the 18-hours (operating hours at the target 

airport) period extracted from a single day, and the x-axis is represented in time slots of 60 seconds. 

 

The traffic volume between the model and the actual data is generally identical, and 

it can also be confirmed that the traffic volume increases synchronously during the 

congestion period. The traffic volume on the model at around slot 1200 (corresponds to 

20:00) is one or two aircraft higher than the actual data. This is probably due to the long 

congestion period caused by the evening rush from 18:00 to 19:00, which resulted in the 

accumulation of blockage and affected the slots behind. The occurrence of stagnation 

largely depends on the runway throughput. In the model, the runway occupancy time is 

fixed, but in actual airport operations, it is assumed that the runway occupancy time is 

adjusted during busy periods for efficiency. In other periods, the model follows the actual 

data well and reproduces the data with considerable accuracy. 
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In this chapter, we focus on the modeling methodology and showed the comparison 

of traffic volume as an example, but various other evaluations are applicable. For example, 

there is a method to aggregate the error in ground running time for each aircraft and score 

the error between the actual data and the simulation. The evaluation methods of the traffic 

flow model are dealt with in more detail in Chapters 6 and 7. The traffic volume 

comparisons made in this chapter are a simplified assessment, although they provide a 

rough confirmation of the reproducibility of the traffic flow data. In addition to traffic 

flow comparisons, Chapters 6 and 7 present several approaches to geometric accuracy 

checks and evaluations from an operational perspective. 

Process mining is used to check the conformance of models to specifications in 

Chapter 4. It should be noted that what was done in this chapter using process mining is 

similar to what was presented in Chapter 3, but with different objectives as stated in 5.2.2. 

For example, in both Chapter 3 and this chapter, event analysis and trace analysis are 

performed. In Chapter 3, event analysis is performed to confirm that no unintended events 

are starting or ending, and trace analysis is performed to confirm that no unintended firing 

sequences, i.e., traces that do not appear in the actual data. However, the purpose of 

process mining in this chapter is to extract the information necessary for modeling, and 

is used as a support tool to improve work efficiency. 

 

5.5 Summary 

In this chapter, we have focused on the mesoscopic model and tried to improve the 

efficiency of its creation to solve the problem that the model creation is time-consuming, 

labor-intensive [8], and difficult to handle large volume traffic flow data. By abstracting 

traffic flow data to a level that does not compromise the necessary information, and 

further applying process mining techniques, we have presented a method for creating a 

mesoscopic model. Depending on the output required by the analyst, the continuous data 

can be abstracted to a certain extent to produce equivalent results. The model created in 

this chapter accurately reproduces traffic volume changes while downsizing the huge data 

to a few tenths of its original size. 

It is important in mesoscopic modeling to determine the degree of abstraction. 



72 

 

Analysts/developers must be careful to what extent they abstract while maintaining 

micro-macro(meso) equivalence [8]. Lower levels of abstraction provide higher accuracy 

but require more modeling effort. This is true even if process mining is used. Conversely, 

if the level of abstraction is increased, the effort required for modeling is reduced, but 

necessary information may be missing. The selection of nodes to achieve an optimal 

abstraction level depends on the desired output and the characteristics of the traffic flow 

data. Therefore, the design of the graph and the determination of the abstraction level for 

mesoscopic modeling should be done in the preliminary stage of process mining. After 

the selection of the abstraction level, the model creation process in the latter stage can be 

made more efficient by the method presented in this chapter. If the framework of the 

existing model can be appropriated, it is easy to obtain statistical information by 

converting the acquired data into event logs by process mining. For example, the 

extraction of statistical information between nodes is time-consuming if the traffic flow 

data is processed as it is, but it can be completed in a very short time using the ProM 

method presented in this chapter. Therefore, when it is necessary to recreate the existing 

model multiple times, this method is particularly effective 

In the next step, in order to handle more complex traffic flow data, we should 

consider extending the modeling method presented in this chapter from the airport surface 

to the airspace. In the case of the airport surface shown as an example in this chapter, the 

main points for selecting nodes, such as taxiways and runways, are clear and can be easily 

abstracted. However, since airspace traffic flows are more complex and ambiguous than 

airport surfaces, we need to consider a higher level of abstraction in the preliminary stages 

of mesoscopic modeling. 
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Chapter 6  

 

A Framework for Extracting Abstracted 

Route Graphs Toward Air Traffic Flow 

Modeling 

In this chapter, we deal with methods for creating abstracted route graphs for modeling 

highly ambiguous traffic flow data. While the airport surface traffic flows modeled in 

Chapter 5 were two-dimensional, the data targeted in this chapter are three-dimensional 

airspace data of greater complexity. Compared to road traffic and train traffic, modeling 

of air traffic flow is difficult because trajectory of each aircraft fluctuates in the three-

dimensional space due to various factors such as weather and congestion level. By this 

reason, finding important routes on which aircrafts frequently pass is necessary for 

building air traffic flow models. We propose a framework for finding important routes in 

the form of graphs based on combination of various technologies such as space partition, 

trajectory clustering, and skeleton extraction. 

 

6.1 Abstracted Route Graph for Mesoscopic Modeling 

The mesoscopic model we construct in this dissertation is a network model that discretizes 

raw data, which are continuous values. Therefore, in the preliminary stage of model 

creation, it is necessary to create an abstracted route graph from the raw traffic flow data. 

The abstracted route graph is an important fundamental part of the model's performance 

and should accurately capture the characteristics of the traffic flow while greatly reducing 

the amount of data. If the abstracted route graph does not match the mainstream (major 

path) of traffic flow, the mesoscopic model will be significantly less accurate. 

In the mesoscopic modeling of airport surface traffic flow in Chapter 5, the 
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abstracted route graph was composed of taxiways/runways and their intersections. Since 

an airport is a two-dimensional, restricted, boxy field, it is relatively easy to create an 

abstraction graph. However, if the traffic flow is extensive and has no fixed path, the 

complexity increases, and the abstracted route graph becomes significantly more difficult 

to create. To extend the applicability of mesoscopic modeling to all types of traffic flows, 

this chapter develops a framework of extracting abstracted route graphs using three-

dimensional, unfixed pathless airspace data as an example. 

 

6.2 Airspace Data Abstraction 

By extracting flight routes from flight trajectory data, we can compose simulation models 

which contribute to improvement of flight operation, congestion control, and reduction 

of CO2 emission. We first identify important points in the target space, e.g., crossings in 

a road network, and then creating graphs having such points as nodes and various traffic 

parameters assigned to edges to build mesoscopic models for traffic flow. The abstraction 

level of traffic flow determines accuracy of simulation results. Compared to road traffic 

and train traffic, modeling of air traffic flow is difficult because trajectory of each aircraft 

fluctuates in the three-dimensional space due to various factors such as weather and 

congestion level. In Chapter 5, we applied the mesoscopic modeling approach to traffic 

flow on an airport surface. An airport surface consists of several fixed points and lines 

such as aprons, taxiways and runways. This situation is similar to that in road networks. 

We extracted a graph having nodes representing crossings of taxiways and gave the 

probability distribution of velocity on each edge. The inputs of the model are departure 

flights from one of aprons and arrival flights to one of runways. To apply the mesoscopic 

modeling to traffic flow in the airspace, we need to extract routes in the airspace together 

with velocity distributions on the routes. Developing methods to do this is the main 

objective of this chapter. We propose a framework for finding important routes in the form 

of graphs, called abstracted route graphs, based on two approaches: (i) density-based 

clustering of trajectories and skeleton extraction, and (ii) space partition and trajectory 

clustering. The obtained abstracted route graphs are used for building mesoscopic models 

of air traffic flow. Through evaluating the accuracy of the abstracted route graphs, we 
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show that the proposed framework is appropriate for the mesoscopic modeling of the 

airspace. 

The framework is outlined as follows. First, we explain existing technologies used 

in the proposed framework. Next, pre-processing of air traffic trajectory data is described. 

Based on the pre-processed airspace data prepared for the model, the two approaches 

mentioned above are explained. Then we show how to compose abstracted route graphs 

from the outputs of the two approaches. The obtained abstracted route graphs are 

evaluated from two different points of view in the last section. 

 

6.3 Clustering Algorithm 

The proposed framework is a combination of various technologies. We give brief 

introduction of them. The core technology is clustering of trajectories. It aggregates 

trajectories with high similarity into clusters and eliminates unimportant trajectories. As 

the similarity, various distance measures between two trajectories are proposed, e.g., 

Euclidean distance, distance between trajectories used in TRACLUS [59] and SSPD [60], 

distance defined on time series data used in DTW [61], and edit distance used in LCSS 

[62] and EDR [63]. There are variety of clustering algorithms. Due to the characteristics 

of flight trajectory data, we need to select an appropriate algorithm and a similarity 

measure. In, multiple distance measures are applied to various datasets but there are no 

significant differences in the obtained results. 

For the abstracted route graph extraction, there are several methods for simplifying 

traffic trajectory data and extracting abstracted routes from it. In [64] [65], space partition 

and the genetic algorithm are applied to AIS (Automatic Identification System) data and 

patterns of ship trails are found. In [66] [67], main routes of aircrafts in the airspace are 

extracted using clustering of aircraft trajectories, where DBSCAN [68] based algorithm 

HDBSCAN is used as the clustering algorithm. In [66], superiority of trajectory clustering 

algorithm TRACLUS is suggested but this algorithm has not been applied to flight 

trajectory data.  

Fig. 30 shows the proposed framework consisting of two approaches. In Method 1, 

firstly frequently used areas in the airspace are extracted by density-based clustering, and 
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next skeleton of routes are found. In Method 2, firstly the target airspace is divided by the 

density of traffic in each region, and then trajectory clustering is applied to find 

representative routes. Different from car traffic and train traffic, we need to consider the 

altitude in the airspace. This will be considered in the abstraction process of traffic flow. 

⚫ Method 1: Density-based Clustering and Skeleton Extraction (DC/SE) 

⚫ Method 2: Space Partition and Trajectory Clustering (SP/TC) 

 

 

 

Fig. 30:  Overview of framework. As a pre-processing step, the target airspace data is cut from the 

raw data, and the data is used to generate an abstracted route graph using Methods 1 and 2, respectively. 

For down sampling in the final stage, the same parameters are used for both methods. 

 

6.4 Pre-processing of Flight Trajectory Data 

As well as the airport surface traffic model in Chapter 5, we use CARATS Open data [47]. 

The density of traffic around airports is much larger than that of other areas. We focus on 
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the areas around an airport since trajectory endpoints are easy to identify in airport 

departure/arrival data and contribute to the acquisition of clean data sets. We here apply 

the proposed framework to the area around Tokyo International Airport. The pre-

processing procedure is described as follows: 

(1) Flight trajectory data in the approach control area of Tokyo International Airport is 

extracted from the CARATS data. 

(2) Arrival flights and departure flights are separated, and other flights that pass through 

this area are eliminated from the data. 

(3) The coordinate system is changed from WGS-84 to the plane rectangular [69]. 

 

 

 

Fig. 31:  Trajectories after pre-processing. The area surrounded by white lines is the approach control 

area of Tokyo International Airport. For each trajectory, a decision is made as to whether it is inside 

or outside this rectangle, and the data is further sorted by departing or arriving flights. Data near the 

boundary is used even if it is outside the boundary because it is necessary for space partition and 

clustering. 

 

Fig. 31 shows trajectories after the pre-processing colored by arrival and departure 

flights. The approach control area is also indicated as a rectangle. Decision of 

Arrival traffic

Departure traffic

Out of bounds

Legend



78 

 

arrival/departure flights is made as follows: if the initial point of a flight is close to the 

airport and with low altitude, then the flight is judged as a departure one; if the final point 

of a flight is close to the airport and with low altitude, then the flight is judged as an 

arrival one; other flights are eliminated from the data. Since data near the boundaries of 

the approach control area is necessary for accurate spatial partition and clustering, data 

outside the boundaries are also partly used for processing. 

 

6.5 Density-Based Clustering and Skeleton Extraction 

Density-based Clustering and Skeleton Extraction (DC/SE) treats the raw traffic flow data 

as a set of points and extracts point sets in areas of concentrated air traffic as clusters by 

density-based clustering. Next, the centerlines are extracted from the contours of the 

clusters to generate an abstracted route graph. The process is similar to estimating the 

skeleton from the body of the obtained clusters. 

6.5.1 Density-based clustering 

Density-based clustering is an algorithm that starts with areas having points densely and 

expands them by merging neighbor points. DBSCAN is one of representative density-

based clustering algorithms. We here use this algorithm. Since DBSCAN generates 

clusters according to the density of points, clusters are generated in frequently used areas 

and traffic in other areas is eliminated as noise. This works as filtering of data, i.e., only 

important areas that contain many flight trajectories remain. There are two parameters  

and   in DBSCAN. A cluster is composed if more than or equal to  

points exist in a circle with radius . This procedure is applied to all points in the data 

and the obtained clusters are concatenated to make clusters larger. Points that do not 

belong to any clusters are eliminated as outliers. 

Large radius   results in clusters having unnecessary points. The makes 

performance of filtering worse. Large  works negatively for the generation of 

clusters. Small   enlarges the area of each cluster and this makes the post 

processing for finding main routes difficult. Since the value of  is sensitive to 

the amount of data, it is necessary to adjust it even for the same kind of data source. Fig. 
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32 (a) shows the result of DBSCAN. We can observe that only frequently used routes 

remain, and other routes are eliminated. 

6.5.2 Skeleton extraction 

To obtain main routes in airspace, we extract skeletons from each cluster. We here adopt 

the following approach: first we compute Voronoi diagrams from envelops of the clusters, 

and then skeletons are obtained by connecting edges of Voronoi diagrams. The details are 

described below. 

 

⚫ Alpha shape: Alpha shapes are extension of convex hulls. We use them for 

computing contours of the clusters obtained by DBSCAN. The alpha shape method 

has one parameter  that controls the accuracy of approximation for a given set of 

points. By the value of , the alpha shape becomes a convex hull ( ), and can 

have holes inside of it. Fig. 32 (b) shows a result by the alpha shape method. The the 

obtained alpha shape indicates not only external borders of the cluster but also an 

inner hole. Such a hole is important to get accurate skeletons. A single value of  to 

all points may not bring a desirable result. Therefore, we use a different value of  

for the hole areas. In the current implementation, we manually choose an appropriate 

value of  according to the density of points in each region. 

 

⚫ Delaunay Diagrams and Voronoi Diagrams: Contours of clusters are obtained as 

alpha shapes. Next, we extract the skeleton of clusters using Delaunay diagrams and 

Voronoi diagrams. Given a set of seed points on a plane, a Voronoi diagram is a 

partition of the plane to regions called Voronoi regions such that all points of each 

region have the same closest seed point. In the case of the Euclidian plane, each 

border of regions consists of bisections of the line segment between two seed points. 

Delaunay diagrams are the dual of Voronoi diagrams and indicate the adjacent 

relation between two Voronoi regions. A Delaunay diagram is obtained as follows: 

we first put a point in each Voronoi region and draw a line between two points if the 

corresponding Voronoi regions are adjacent. Usually, a Delaunay diagram consists of 

triangles called Delaunay triangles. Fig. 32 (c) shows the Delaunay diagram and the 
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Voronoi diagram obtained from the alpha shape. Since borders of each Voronoi region 

is a part of bisections of two points, we can find the center line of the alpha shape as 

follows: we extract edges of Voronoi regions such that both end points are included 

in a Delaunay triangle. The edges are shown in Fig. 32 (d). These edges indicate the 

skeleton of the alpha shape. 

There are other methods to extract skeletons from polygons. In the straight 

skeleton method [70], a given polygon is shrank into inside uniformly and finally the 

center line of the polygon is obtained. This method is usually applied to predicting 

the roof shape of buildings from satellite images. It can be used for skeleton 

extraction of traffic flow. 
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(a) Density-based clustering 

(DBSCAN) 

(b) Alpha Shape 

  

(c) Delaunay/Voronoi Diagram (d) Skeleton Extraction 

Fig. 32:  Extraction of main routes by DC/SE. Once areas of traffic concentration are extracted by 

density-based clustering, their contours are obtained by Alpha shape. Furthermore, the internal 

skeleton is extracted from the contour data, and finally only the main paths are output. 
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6.6 Space Partition and Trajectory Clustering 

In Space Partition and Trajectory Clustering (SP/TC), the airspace is first divided by 

importance to traffic flow through space partition, and trajectories are further segmented 

within the finely divided space. Each segment is clustered by trajectory clustering process. 

This is a technique that aggregates similar trajectories together and replaces them with a 

representative trajectory. The trajectories frequented by aircraft are clustered, resulting in 

a set of important trajectories for the airspace. 

6.6.1 Space partition 

In the space partition process, a given two-dimensional space is firstly divided into 

regions by grid lines having variable intervals and then a tree structure that represents the 

relation between grid regions is computed. By eliminating unimportant regions from the 

space, we can reduce computational cost for manipulating the partition. This technique is 

often used for acceleration of drawing in computer graphics. 

We use the space partition technique to divide the space into regions having 

variable granularity determined by the amount of traffic. As indicated in Fig. 31. 

trajectories of aircrafts do not necessarily exist uniformly in the airspace. In the proposed 

space partition, high traffic areas are divided by high-resolution grids and other areas are 

by low-resolution grids. This approach contributes to reducing computational cost in the 

post processes. As the tree structure, Dobrkovic [64] proposes quad trees. However, 

Filipiak [65] shows that k-d-b trees (k-dimensional binary trees) [71] have less branches 

at leaf nodes than quad trees. So, we adopt k-d-b trees here. 

(a) shows the result of the space partition together with density of traffic. It is 

observed that the size of each region becomes smaller adaptively to the density of traffic. 

We give the size of leaf nodes  as a parameter of the k-d-b tree partition. We determine 

the grid interval according to the number of points contained in the region. As a result, 

congested areas have deeper subtrees than other areas.   determines the number of 

points in a single leaf node. It also determines the number of partitions in space and the 

depth of the k-d-b tree. 
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6.6.2 Trajectory clustering 

In the trajectory clustering, clusters are created from fragments of flight tracks. This is 

different from DBSCAN that considers only individual points. One of disadvantages in 

the point-based clustering is that we cannot distinguish routes on the same trajectory but 

in opposite direction since the direction vector of each track is not considered. This is 

possible in trajectory-based clustering. 

 

⚫ Trajectory clustering algorithm: We use here TRACLUS [59] as the clustering 

algorithm. In this algorithm, trajectories are divided into multiple segments first and 

clusters are created within each segment. Typical trajectories around an airport start 

with a common area (airport terminal area) and then branch. For such trajectories, we 

can obtain a cluster corresponding to the common area. Clustering in TRACLUS is 

similar to that in DBSCAN. If there are more than or equal to  segments 

within radius  of segment , then a new cluster having segment  as its core is 

created. As long as the density of segments around the cluster exceeds the threshold 

 , the cluster is enlarged. In the original TRACLUS, trajectories are 

simplified and segmented by the MDL method [72] in the pre-processing stage of 

clustering. After this pre-processing, however, the length of each segment depends 

on the shape of tracks and independent of the importance of each region. We 

determine the length of each segment according to the size of leaf regions, i.e., 

segments become smaller in important regions. The maximum segment length of 

each trajectory depends on the importance of the airspace, and furthermore, the 

alignment of segment lengths around the perimeter has the advantage of reducing  

and facilitating cluster formation. 

The result by TRACLUS is shown in Fig. 33 (b). Since the clustering result 

drastically changes for the values of parameters, we need to adjust them carefully. 

Similarly to DBSCAN,   should be determined based on the amount of 

trajectory data, We here use  derived from precision of the 

aircraft navigation system, and  . End points of each segment is 

colored by the cluster number that contains it. It is observed that routes from the 

airport are clearly separated. Fig. 33 (c) shows the result of this step. 
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 Extraction of representative tracks: Main routes are obtained by connecting 

representative tracks extracted from the result of trajectory clustering. We here use 

TRACLUS algorithm [59] for computing main routes. In this algorithm, end points 

of each segment are found by scanning the plane. Next, the average coordinates of 

the segment that crosses the scan line are obtained. To do this, we first compute the 

average vector 𝑉 ⃗   of all vectors 𝑣 , 𝑣 , ⋯ , 𝑣   each of which represents a 

segment in the target cluster. Then we rotate the plane so that 𝑉 ⃗  becomes parallel to 

the x-axis and the scanning is done along the direction of 𝑉 ⃗ . 

 

 Down sampling: The obtained tracks may have too many points. To simplify them, 

we apply the polyline simplification technique. In this technique, a point is removed 

when its deviation from the route is less than a given threshold value. We here use 

Ramer-Douglas-Peucker (RDP) algorithm [73] [74]. RDP algorithm is originally a 

technique for cartographic generalization of drawing maps and is used for 

simplifying the map according to its scale. RDP algorithm has one parameter 𝜀 . If 

the deviation of a point is smaller than 𝜀 , then the point is removed. We use 𝜀 =

926𝑚 (0.5𝑁𝑀) here. The result of simplification is shown in Fig. 33 (d). Note that 

RDP algorithm is also applied to outputs of TRACLUS, skeleton graphs, and k-d-b 

trees. 
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(a) Space partition result (overlaid on 

traffic density grid) 

(b) Trajectory clustering 

  
(c) Representative routes (d) Down sampling result (polyline 

simplification) 

 

Fig. 33:  Extraction of main routes by SP/TC. Space partition changes the fineness of the space 

according to the importance of the airspace to the traffic flow. The trajectories are segmented in the 

divided airspace, and each segment is clustered by trajectory clustering. After replacing each cluster 

with a representative trajectory, nodes comprising the polyline of the representative trajectory that 

change little are eliminated, leaving only important nodes. 
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6.7 Evaluation of Abstracted Route Graphs 

DC/SE and SP/TC resulted in a set of segment data/representative trajectories, which are 

the components of the main route in the airspace. In this section, we create abstracted 

route graphs by concatenating these components, and evaluate them. An abstracted route 

graph can be evaluated based on how accurately it reproduces the features of the airspace 

data. We here evaluate abstracted route graphs by two approaches: a geometric approach 

and an operational approach. 

6.7.1 Composing abstracted route graphs 

We obtain abstracted route graphs from results by DC/SE and SP/TC, respectively. For 

the output of DC/SE, clusters are concatenated to obtain graphs. For the output of SP/TC, 

we first remove unnecessary edges that remain after the processing based on 

Delaunay/Voronoi diagrams and apply RDP algorithm. The obtained abstracted route 

graphs are shown in Fig. 34. It is observed that the two methods give similar graph 

structures but details such as the number of branches at each node are slightly different. 

In Fig. 34, there is no distinction of node number in both DC/SE and SP/TC for departure 

and arrival routes, so the constituent node is set as   

in this case. The superscripts   and   of each node denote arrival and departure, 

respectively.  denotes the number of component nodes in the arrival path graph, and 

 denotes the number of component nodes in the departure path graph.  
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(a) DC/SE arrival route (b) SP/TC arrival route 

  

(c) DC/SE departure route (d) SP/TC departure route 

 

Fig. 34:  Obtained abstracted route graphs. The representative trajectories/segment data obtained 

from DC/SE and SP/TC are concatenated to generate abstracted route graphs. Although both DC/SE 

and SP/TC provide good visual abstraction compared to the actual traffic in Fig. 31, we further 

evaluate numerically to see how the abstracted route graphs obtained from the two methods differ. 
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6.7.2 Evaluation by geometrical approach 

We evaluate accuracy of the obtained abstract route graphs by the distance between the 

abstracted route graph and actual trajectories. We compute the mean value and the 

deviation of the distance. Fig. 35 shows how to evaluate the distance between the 

abstracted route graph and a trajectory. We first compute the distance between each edge 

of abstracted route graph and each point on the trajectory ( ), then the error is evaluated 

by the mean error  and the standard deviation  of the set of 's. The results are 

shown in Tab. 8. SP/TC gives the smaller mean error and standard deviation than DC/SE. 

From this result, we conclude that the abstracted route graph by SP/TC represents 

frequently used routes more accurately than that by DC/SE. 

 

 

 

Fig. 35:  Geometric relationship between real trajectories and graphs. In each trajectory, the nearest 

neighbor points of the two nodes constituting an edge are calculated; for points within the area bounded 

by the two nearest neighbors, the shortest distance to the edge is calculated. 

 

 

Tab. 8: Results of geometric comparison of abstracted route graphs and actual trajectories 

Route Method Mean  (m) Std. dev.  (m) 

Departure DC/SE 15628.95 25210.33 

SP/TC 9304.77 18861.86 

Arrival DC/SE 14150.57 21555.69 

SP/TC 6993.16 14309.45 
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6.7.3 Evaluation by operational approach 

From the operational approach, we compare the distributions of velocity between the 

actual data and the abstracted route graph. Since the abstracted route graph has no timing 

information, the velocity on the graph is computed as follows. For each flight trajectory, 

we find the nearest point to each node of the abstracted route graph (see Fig. 35) and 

regard that the aircraft passes though the node at the same time as the time of the nearest 

point. The velocity on each edge is computed from the length of the edge and the transit 

time between the end points of the edge. In the proposed mesoscopic models described 

in the next subsection, all traffic flow is assumed to be on the abstract flow graph. By this 

comparison on the velocity, we can evaluate whether the abstracted route graph is 

appropriate for predicting future traffic flow or not. 

 

  

(a) SP/TC arrival (overall) (b) DC/SE arrival (overall) 

  

(c) SP/TC arrival ( - / - / - ) (d) DC/SE arrival ( - , divided into two 

parts with 65 m/s) 

 

Fig. 36:  Evaluation of velocity. It shows the results of a comparison between the velocity 

distributions created directly from real data and the velocity distributions generated from an 

abstraction graph. The smaller the difference between the actual velocity distribution and the velocity 

distribution in the graph, the more accurately the abstracted route graph reproduces the behavior of 

the aircraft. Therefore, if nodes can be placed in the area where more aircraft pass, the error will be 

smaller. 
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Fig. 36 shows the distributions of velocity on the abstracted route graph and the 

empirical data, where histograms are flattened with band width 10 m/second. We can 

observe that both SP/TC and DC/SE give overall distributions close to that of the 

empirical data. Next, we focus on a specific route corresponding to edge -  in the 

arrival graph by DC/SE. For this route, the graph by SP/TC has three edges - , -

 , and  -  . This is due to characteristics of the two methods. In SP/TC, high-

density areas are divided into small regions that will belong to different clusters. In DC/SE, 

however, clusters with density more than certain level are concatenated and as a result 

high density areas tend to have large clusters. We can observe both velocity distributions 

are similar. 

6.7.4 Application to mesoscopic model 

We briefly describe how to construct mesoscopic model from the abstracted route graph. 

The detail of model construction is presented in the next chapter. Using the abstracted 

route graph, a mesoscopic model used for predicting future traffic demand is constructed 

as follows. The basic structure of the model is similar to that for airport surface in Chapter 

5. The probability distribution of velocity is assigned to each edge. Input of the model is 

the location and the time of an aircraft that arrives at the target area or departs from the 

target airport. Each input aircraft is put on a nearest node of the abstracted route graph 

and moves to neighbor node according to the distribution of velocity. Therefore, at each 

time step, estimated number of aircrafts assigned to each node is computed. In this 

modeling, information on individual aircraft, i.e., location at each time step, is aggregated 

as the expected number of aircrafts at each node. 

 

6.8 Summary 

Unlike airport surface traffic flow, in the preliminary stages of modeling, it is necessary 

to first extract the characteristics of the traffic flow and generate an abstracted route graph. 

The mesoscopic modeling method with process mining presented in the previous chapter 

cannot be applied directly without the abstracted route graph. Therefore, in this chapter, 

we have shown a framework for extracting route graphs that represent characteristics of 
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air traffic flow. Since fluctuation exists in flight trajectories, representative routes are 

extracted. The proposed framework consists of two methods, DC/SE and SP/TC. In 

DC/SE, first density-based clustering is applied and next a geometrically-defined skeleton 

is extracted from each cluster. In SP/TC, first the airspace is divided into grid regions 

according to importance of each region and next trajectory clustering is applied. The 

abstracted route graphs are obtained by both methods. The obtained route graphs by the 

two methods have different characteristics. Separate routes in the graph by SP/TC may 

be merged in the graph by DC/SE, i.e., the SP/TC gives more detailed graphs. We need 

to choose the method according to usage of the model. 

Through the evaluation on geometrical and operational points of view, we observe 

SP/TC gives a more appropriate graph for the modeling, but the result may change by 

parameter setting. Currently, we need to find manually optimal values of parameters 

which affects characteristics of obtained graphs in a trial-and-error manner. We need to 

choose appropriate values for the purpose of modeling such as models having precise 

location, models with precise transit time, etc. Systematic methods to find optimal values 

of parameters for specific usage are remains. Also, the evaluation here is only the 

comparison of the abstracted route graph and the raw data. We further create a mesoscopic 

model based on this abstraction graph. What is important to the analyst is how well the 

model reproduces the original traffic flow. An abstracted route graph may perform well 

in the evaluation of geometric and operational approaches, but it is not a good modeling 

framework if it fails to reproduce the original traffic flow in the later stages of the 

modeling. 

  



92 

 

Chapter 7  

 

Mesoscopic Modeling, Simulation and 

Performance Evaluation for Air Traffic 

Flow in the Airspace 

In this chapter, the mesoscopic modeling is performed using object Petri nets based on 

the airspace abstracted route graph created in Chapter 6. Although the abstracted graphing 

framework in Chapter 6 enabled us to obtain the mainstream (major path) of traffic flow 

in the target airspace, modeling airspace is different from airport surfaces, which are 

narrow in scope, and cannot be achieved simply by forming a simple network model. 

Here we show how to identify route information, extract statistical information, and 

efficiently generate models with a large number of nodes and edges. We also evaluate that 

the generated models precisely reflect the characteristics of traffic flow and have 

sufficient accuracy while significantly reducing the amount of data. 

 

7.1 Traffic Volume Analysis 

In this section, we analyze the movement information of each aircraft between nodes by 

comparing the abstracted route graph with the raw traffic flow data. At the stage of 

creating the graph in Chapter 6, representative trajectories by trajectory clustering were 

combined to form edges between nodes, but in actual operations, there are transitions 

between nodes other than representative routes, albeit at low frequency, due to shortcuts 

and detours. Here, we acquire transition information between these nodes by using 

process mining. 
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7.1.1 Inter-node transition information 

Three-dimensional flight paths are highly ambiguous compared to airport surface traffic 

flow. As can be seen from Fig. 31 in the previous chapter, especially on arrival traffic, 

frequent route deviations and shortcuts are observed. First, we extract the passage 

information of each node by fitting the raw data to the abstracted route graph, then record 

them in the event log. Next, we obtain transition information between two nodes as 

bigram by process mining.  

 

  

(a) Overall graph (b) 1-day graph 

Fig. 37:  Departure/Arrival inter-node transitions based on the abstracted route graphs. Line thickness 

of each edge represents the proportion of traffic volume in each segment to the total. 

 

Fig. 37 (a) shows the results of extracting transitions between two nodes for all data 

under analysis. Fig. 37 (b) shows the results of the same analysis for arbitrarily chosen 

date to be used as a sample for airspace modeling. Although the major traffic flows are 

consistent with the edges of the abstracted route graph, transitions with no connections 
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are observed in the stage abstraction graph created in Chapter 6. In particular, the arrival 

traffic graphs are complicated by the mesh of approach routes from the south. 

In Fig. 37, the major traffic flows can be easily identified because the line thickness 

of each edge denotes the frequency of occurrence. For arrival routes, the pairs of the 

adjacent node 𝑢 −   and 𝑢   with the high probability of occurrence 𝑃(𝑢 |𝑢 − )  are 

(18 , 19 ) , (19 , 6 ) , (19 , 21 ) , (16 , 4 ) , (4 , 3 ) , (3 , 17 ) , (17 , 2 ) , (2 , 1 ) 

from the top. On the other hand, divergences from the middle of the route are also frequent. 

This is due to the fact the interventions of air traffic control (ATC) frequently cause the 

arrival aircrafts to take shortcuts. The arrival traffic trace 𝜎  with the high probability of 

occurrence are 〈18 , 19 , 6 , 13 , 11 〉  , 〈18 , 19 , 21 , 22 , 23 〉  , 

〈18 , 20 , 21 , 22 , 23 〉  , 〈15 , 24 , 13 , 11 〉  , 〈18 , 21 , 22 , 23 〉  , 

〈12 , 24 , 13 , 11 〉 , 〈14 , 13 , 11 〉 , 〈15 , 12 , 24 , 13 , 11 〉  and traces 

lower than these eight traces had a probability of occurrence of less than 0.01. Also in the 

departure traffic trace 𝜎  , the top traces in order of probability of occurrence are 

〈5 , 19 , 17 , 20 , 26 〉  , 〈18 , 2 , 23 , 4 , 1 , 3 〉  , 〈18 , 13 , 8 〉  , 

〈18 , 2 , 13 , 8 〉  , 〈18 , 2 , 23 , 10 , 9 〉  , and the top 24 traces had a 

probability of occurrence of 0.01 or greater. The superscripts denote the probability of 

occurrence. In prior literature [9], the superscripts denote occurrences of a case, which 

varies with the size of the raw data, so we use the probability of occurrence. 

The results are well characterized by the arrival and departure routes. The arrival 

traffic show characteristics such that the main paths exist at the north entry and south 

entry around adjacent node pairs (18 , 19 ), (19 , 6 ), (19 , 21 ), (16 , 4 ), (4 , 3 ), 

(3 , 17 ), (17 , 2 ), (2 , 1 ) from which the traffic branches off in detail. Thus, there 

are a small number of high-frequency traces and a large number of low-frequency traces 

with similar probabilities of occurrence. Departure routes, on the other hand, have many 

traces with medium probability of occurrence, and are structured in such a way that they 

branch in a well-balanced manner. This is because the departure routes at Tokyo 

International Airport are arranged in such a way that they are dispersed according to the 

direction of the destination. 

The total number of pairs of the adjacent node 𝑢 −   and 𝑢   for one day to be 

sample-modeled was 239 (136 pairs for arrival and 103 pairs for departure). In the airport 

surface model, traces with low frequency of occurrence were removed as noise, but in the 
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airspace model, probability density distribution parameters were obtained for all patterns 

in order to model more rigorously. 

7.1.2 Probability Density Distribution of Flight Time 

In the airspace model, we extract the probability density distribution of flight time by 

curve fitting. In the airport surface model, we adopted the Erlang family because the 

probability density distribution of ground travel time showed asymmetry. However, from 

the two-node transition data obtained in 7.1.1 showed that flight time on each edge varied 

little and was symmetrically distributed around the mean value on many edges. Therefore, 

since the Gaussian family is more suitable for airspace data, we adopt the Gaussian 

distribution for curve fitting. 

 

 

Fig. 38:  Probability density of flight times on some typical edges. The travel time between nodes 

can be calculated from a Gaussian distribution fitted to the real data. The  and  in the upper left 

of each plot indicate Gaussian distribution parameters. 

 

Fig. 38 shows an excerpt of the probability density distribution of flight time and 

the results of curve fitting on typical edges. It can be seen that the data fit the Gaussian 

distribution well. We conducted curve fitting on all two-node transition data obtained 

from the trace analysis, and extract Gaussian distribution parameters. The obtained 

parameters allow us to reproduce aircraft movement on the model without having real 

data. 
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7.2 Airspace Modeling with Object Petri Net 

Based on the abstracted route graph and the probability density distribution parameters 

of inter-node flight time, we create an airspace model using the object Petri nets modeling 

method presented thus far. We basically follow the method of creating the airport surface 

model presented in Chapter 5, but since the airspace model has more components and 

complexity compared to the airport surface model, the aircraft Petri nets and the node 

Petri nets should be redesigned. 

7.2.1 Model design 

In the airspace model, as the aircraft passenger model and the airport surface model, we 

adopt the hierarchical design. The top layer is the airspace Petri net, on which the aircraft 

Petri nets move around. While the airport surface model had a small network size because 

it consists of only taxiways and runways, the airspace model, as shown in 7.1.1, had a 

total of 52 nodes (26 nodes for departure and 26 nodes for arrival), and the number of 

patterns of two-node transition was 239 even in one day of log data to be used for the 

sample model. Therefore, directly reproducing the abstracted route graph as a network 

would require an enormous amount of work. This is a problem faced not only in airspace 

models, but also when modeling traffic flows that have a vast area of coverage, such as 

ship data, or traffic flows that are highly random and do not have fixed paths, such as 

human or animal walking paths. 

Here, we take advantage of the characteristics of object Petri nets to prepare a 

common place "float" that connects all instances of node Petri nets. Aircraft Petri nets are 

assembled in the float place, and by letting the aircraft itself determine which node to go 

next, there is no need to construct the abstracted route graph as the complex network 

diagram entirely in Petri nets. 
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Fig. 39:  Airspace model design. Each node belongs to the common place “float”. The aircraft 

determines for itself which node to proceed to next. The aircraft in the figure transitions in the order 

of node 1→2→3→8 in the network. In the actual Petri net, all nodes are located at the common node 

“float”, and the aircraft instance swims through the float in the order of node 1→2→3→8. 

 

Fig. 39 shows the conceptual design of the airspace model. It has a hierarchical 

structure, with the upper layer being the airspace network created based on the abstracted 

route graph. However, the actual Petri net do not have a concrete network form, but a set 

of node instances on "float" place. Each node instance is assigned a node ID when it is 

created, and the aircraft instance swims around in the "float" in search of this node ID, 

which results in the same movement as transitioning through the airspace network. In the 

airport surface model, when a node transitions, a delay time (taxi time) generated from 

the Erlang distribution is assigned to the transition, but in the airspace model, the delay 

time (flight time) cannot be generated by a single node alone because the probability 

density distribution parameters change depending on the last node through which the 

aircraft has passed. Therefore, in the airspace model created here, the delay time (flight 

time) is generated by the aircraft instance itself. Since the aircraft instance has routing 

information, it knows the previous node   and the current node  . The aircraft 

instance is designed to impose a delay time on itself by Gaussian distribution parameters 

based on its information. Based on this design, the airspace Petri net generates node 

instances and aircraft instances at the start of the simulation, and connects all node 

instances to the “float” place. All aircraft instances are also placed in the “float” place. 
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After the simulation starts, the aircraft repeatedly moves float⇔node, and when there are 

no more nodes to move next, it transitions to a dummy node and disappears. The airspace 

Petri net stops when the number of aircraft instances on the float reaches zero. 

7.2.2 Airspace Petri net model 

The airspace Petri net consists of a set of node instances, all of which are connected to a 

common place "float". When an aircraft instance enters the “float” place, it searches for 

the next node instance it should enter, and if it can enter, it fires immediately the entrance 

transition of the node instance. Once the aircraft instance enters a node, it obtains the 

probability density distribution parameters by the previous node  and the current 

node , and calculates the delay time (flight time) required as a penalty. The penalty is 

added to the timer of the aircraft instance, and the timer counts down as the simulation 

proceeds. The node instances are composed of queues, similar to airport surface models, 

and operate as FIFOs. As the aircraft leaves the node, it checks its timer value and if the 

timer is greater than or equal to 1, it waits; if it is 0, the aircraft leaves the node and returns 

to the “float” place to search again for the next node to enter. 

This behavior takes advantage of object Petri nets. In object Petri nets, instances 

can be replicated from the base Petri nets and each can have its own individual properties. 

Since the aircraft instance knows which node to go next from the route information, it can 

generate its own flight time required for transitions between nodes, and can reproduce the 

inter-node transition by probability density distribution by having it stay in the queue until 

the timer expires. 
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Fig. 40:  Floating queues. Twenty-six node instances and a dummy node are located, and all 

connected to the common place “float” (dark cyan place). An aircraft instance in float cannot enter 

nodes unless it can simultaneously fire its own transition with method ‘:go(  )’ and the method 

‘:in( , )’ provided at the entrance of each node. Note that  denotes the node ID and  denotes 

the aircraft instance itself. When an aircraft exits the current node and transitions to the next node, it 

fires the method ‘:out( , )’ at the exit and returns to float again. 

 

Fig. 40 shows node instances of the actual airspace model for the arrival traffic. 

Although there appear to be only 26 independent node instances in a row, they are all 

connected to a common place “float”, and if the next node to proceed to cannot be 

identified, the aircraft stays at the “float”. For example, if a node that does not exist in the 

node set  is in the routing information of the aircraft 

instance, or if there is more than one way for the node to go next, the aircraft will not be 

able to fire the next transition and will remain in the float. If the aircraft instance in the 

float place continues to persist during the simulation process, then there is some error in 

the model. The cause may be an error in the routing information of the aircraft instance, 
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or a missing node instance that should be placed in the float. The simulation completes 

when the number of aircraft instances on the float in the airspace Petri net reaches zero; 

if there are any instances remaining in the float, the simulation is abnormal. In this case, 

since an abnormality is latent somewhere in the model, it is necessary to identify and 

correct the causative node or route information by checking method with process mining 

presented in Chapter 4. 

As the aircraft swims around the float and nodes, it records its transition 

information as an event log. This event log is used for conformance checking and model 

evaluation through process mining. 

 

7.3 Model Accuracy Analysis and Evaluation 

After the simulation is completed, we evaluate the model. As noted in 1.1, whether the 

model is giving the desired performance depends on its objective. Mesoscopic models 

have the advantage of being able to significantly downsize large amounts of raw data 

while still preserving the information needed for analysis. The information that is 

important in the airspace model is the flight time accuracy of each aircraft and the 

throughput of the airspace. Therefore, we evaluate the traffic volume in the target airspace 

and the flight time of each aircraft. Note that the evaluation is to be conducted after 

completing the conformance checking by process mining as presented in Chapter 4, 

confirming that the model is working as designed, and assuring that the event logs do not 

contain any incorrect information. 

7.3.1 Airspace traffic volume validation 

While traffic volume in the airport surface model was the number of aircraft present on 

the airport surface at a given moment [58] [54], in the airspace model, we count the 

number of aircrafts flying in the target airspace at a given moment. Here, the time axis is 

divided into slots of fixed time (60 seconds), and the number of in-flight aircrafts in the 

airspace is counted in each slot. Note that simulation results are divided into arrival and 

departure aircrafts and evaluated separately. 
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(a) Arrival traffic level 

 

(b) Departure traffic level 

Fig. 41:  Airspace traffic level. The size of the queue assigned to each node is set to 5. The x-axis is 

represented in time slots of 60 seconds (=one minute). 

 

Fig. 41 shows the results of traffic volume comparisons for arrival and departure 

aircrafts. For both arrivals and departures, the model's simulation results show good 

tracking compared to the raw data, even though the selection of parameters for the 

abstracted route graph leaves room for optimization. In particular, in arrival traffic, there 

is a time period when traffic volume drops around time slot 720 and 1080 (correspond to 

12:00 and 18:00), and the model is able to reproduce almost the same drop points. On the 

other hand, there are some areas where traffic volumes in the model exceed the actual for 
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both arrival and departure aircrafts. For example, in the vicinity of time slot 540 (9:00) 

for arriving aircraft, the model shows around 24 aircrafts while the actual data is around 

20 aircrafts. Similarly, for departures, there are time slots where the modeled traffic 

volume is higher than the actual volume. There are two possible reasons for this: 

 

⚫ Queue capacity overflow: Since this airspace model uses common node instances 

with object Petri nets, the queue capacity  at all nodes. This value is set by 

considering the length of the edges of the abstracted route graph and the horizontal 

separation in the terminal area. If more inputs than the queue capacity arrive at once, 

the queue overflows. Similar events have been observed in airport surface traffic flow 

simulations, where when queue lengths exceed queue capacity, retention accumulates 

and affects subsequent time slots. In the airspace model, the number of aircrafts that 

can fly simultaneously on an edge is equal to the capacity of the queue in the node 

Petri net. Therefore, if the queue overflows, the aircraft instance will be stuck in “float” 

place. However, we assume that the separation is well arranged in actual airspace, 

and air traffic control operations are well performed without overflows even during 

busy times. 

Fig. 42 shows the simulation results when the queue capacity is increased to 

 for confirmation. Although the queue capacity at each node is increased by 

only 1, the overall congestion in the graph is alleviated and the overhead at the time 

of maximum congestion is reduced. The actual queue capacity depends on the 

distance between each node in the abstracted route graph. If further accuracy is 

desired, the queue capacity should be calculated for each node according to the 

distance between nodes and the horizontal separation. The airport surface model is 

constrained by taxiway length. Since the number of aircraft that can be stored on each 

taxiway is naturally determined by the length of the aircraft and the required 

separation, the capacity limit is determined to some extent when the airport surface 

is graphed. On the other hand, the airspace model is based on an abstracted route 

graph that integrates multiple routes, and unlike the airport surface model, it allows 

for detour routes and altitude differences due to ATC instructions, which provides 

some flexibility in queue capacity constraints. 
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(a) Arrival traffic level 

 

(b) Departure traffic level 

Fig. 42:  Airspace traffic level (queue size: 6) 

 

By comparing the model's output with the raw data, the queue capacity of each 

node is related to the throughput of the airspace to some extent. Therefore, how much 

the queue capacity can be expanded determines the throughput of the airspace. When 

the shortest route to a destination is established, air traffic flow is more efficient 

because fuel consumption and CO2 emissions can be reduced when the number of 

aircraft is small. However, the shortest routes reduce queue capacity, resulting in 

lower throughput of airspace. 

However, that unlimited expansion of queue capacity does not necessarily 
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improve the tracking of raw data. For example, Fig. 43 shows the simulation results 

when the queue capacity is experimentally doubled to  . The overhead at 

maximum congestion of the arrival traffic is almost the same as when  , 

although the accuracy is improved over when . For departures, there is almost 

no change between   and  . Therefore, although accuracy can be 

improved by adjusting queue capacity, it can be said that the error at maximum 

congestion is not due solely to queue overflow. 

 

 

(a) Arrival traffic level 

 

(b) Departure traffic level 

Fig. 43:  Airspace traffic level (queue size: 10) 
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Tab. 9 shows the maximum error, mean error, and standard deviation between 

the raw data and the model at the traffic level for each queue size. For the initial value 

of  the mean error is 1.175 for arrivals and 0.973 for departures, which is 

generally within the range of about one aircraft for each time slot. As  is increased, 

the error becomes smaller for the arrival aircraft, but conversely, the error becomes 

larger for the departure aircraft. 

 

Tab. 9:  Comparison results between raw data and model output at traffic level 

Route Queue size Maximum error Mean error Std. dev. 

Arrival 5 7 1.175000 1.380393 

6 6 1.147222 1.337179 

10 6 1.105556 1.258293 

Departure 5 9 0.973611 1.301974 

6 9 0.979861 1.290030 

10 10 0.994444 1.313381 

 

⚫ Runway alternation: In normal airport operations, the used runway is changed 

depending on the wind direction or other factors. At large airports with multiple 

runways, such as Tokyo International Airport, the change of runway has a significant 

impact on arrival and departure routes, and is a source of error between simulation 

and actual operations. The results of trace analysis for the arrival traffic shows that 

the runway direction changed around time slot 360 (6:00). The final approach phase 

of the traces for the southbound approaching aircraft had been , but 

from around time slot 360, the phase changes to . As a result, both the 

aircrafts approaching from the north and south use common segments, which affected 

the following aircraft in the simulation and caused delays. In actual operations, 

however, congestion was mitigated by ATC instructions, which probably caused the 

error between the simulation and actual data. In actual ATC operations, runways are 

not suddenly switched without prior arrangement. Since the wind direction is 

predictable, arrangement should be made in advance to minimize the impact on 

operations before the runway is changed. Therefore, the actual data shows less 

congestion than the simulation. 
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Although there are errors between actual operations and the model output for traffic 

peaks during maximum congestion, the errors converge quickly, and the model traffic 

volume follows the actual data in a short time. The airspace model reproduces the traffic 

flow well and retains the information needed for analysis even after downsizing by 

mesoscopic modeling. 

7.3.2 Flight time validation 

Next, we evaluate the flight time of each aircraft. The flight time is defined as the time 

between the appearance and disappearance of an aircraft in the real data, and is compared 

with the appearance and disappearance times in the simulation. In the simulation by the 

airspace model, only the appearance time is given to the aircraft instance as an individual 

property. Therefore, if the “float” place is congested at the original appearance time and 

the aircraft cannot enter the first node, the appearance time is delayed. If the preceding 

aircraft is stuck in the node and it takes time to transition to the node, the accumulated 

delay will be the delay of the disappearance time. 

The comparison results of flight times between the raw data and the simulation 

are shown for arriving aircraft in Fig. 44 and for departing aircraft in Fig. 45. Then Fig. 

44 (a) and Fig. 45 (a) show the results of the comparison of flight times during the time 

period when good accuracy was obtained in the traffic volume comparison. The 

simulation reproduces the actual operation generally well, with minimal errors for both 

departing and arriving aircraft. On the other hand, Fig. 44 (b) and Fig. 45 (b) show the 

results of the flight time comparison during the time period when the model outperformed 

the actual in the traffic volume comparison in 7.3.1. It can be seen that the operating time 

increases in the model, affecting the following aircraft. For arriving aircraft, delays begin 

to appear around time slot 510 (8:30), and about 10 more aircraft are affected by the 

delays that follow, with the delays gradually increasing. For departures, delays also begin 

to be noticeable around time slot 800 (13:20), and Fig. 41 (b) shows that we can observe 

there a gap in traffic volume just at that time. 

Unlike taxiing aircraft on the ground, aircraft in flight cannot stop in mid-air, so 

if the preceding aircraft is stuck and cannot proceed, the following aircraft has to either 
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enter a holding pattern and wait for the congestion to ease, or make a detour. Holding 

aircraft creates additional delay time and has an additional impact on the following 

aircraft. In practice, however, few aircraft are forced to hold in mid-air. Even in congested 

airspace, the situation is well coordinated through the ATC intervention, and efforts are 

made to prevent the deterioration of punctuality. Let us focus on the green bars in Fig. 44 

(b), although slightly longer than in Fig. 44 (a), is the same length for almost all aircraft, 

with no significant bias. It is thought that ATC interventions are made to avoid negative 

effects on congestion by adjusting the separations by radar vectors, adjusting the speed of 

following aircraft, and applying narrower separation with tight margin. 

The created airspace model does not reproduce the flexible spacing adjustments 

made by ATC intervention, making subsequent aircraft more susceptible to congestion 

and changes in runways in use. However, the duration of the impact is slight, and the 

model shows considerable accuracy at other times of the day. Thus, as with traffic volume 

assessment, the airspace model reproduces aircraft behavior to some extent in the 

assessment of individual aircraft operating times, and the necessary information is 

retained even after downsizing by mesoscopic modeling. 

 

 

(a) Time periods showing good consistency (Arrival) 

 

MR14309

MR14265

MR14322

MR14185

MR14221

MR14424

MR14220

MR14216

MR14347

MR14323

MR14303

MR14126

MR14294

MR14325

MR13838

MR14335

MR14037

MR14214

MR14270

MR14182

MR14280

MR14152

MR14146

MR14245

MR14139

MR14170

MR14167

MR14202

MR14226

MR14239

MR14103

MR14087

MR14234

MR14071

Δt=64

Δt=7

Δt=28

Δt=31

Δt=140

Δt=172

Δt=177

Δt=21

Δt=266

Δt=351

Δt=1

Δt=37

Δt=244

Δt=73

Δt=121

Δt=17

Δt=23

Δt=46

Δt=-153

Δt=-26

Δt=-86

Δt=-384

Δt=-118

Δt=-45

Δt=-13

Δt=-640

Δt=-5

Δt=-97

Δt=-3

Δt=-373

Δt=-3

Δt=-3

Δt=-97

Δt=-346

420

430

440

450

605 615 625 635 645 655 665 675 685 695

Time slot(min)

T
ra

je
c
to

ry
 N

u
m

b
e
r

Match

Delay>0

Delay<0



108 

 

 

(b) Time period showing deviation (Arrival) 

Fig. 44:  Flight time comparison between model and actual data for arrival traffic. Green bars 

represent the model matches the real data. If the model took longer flight time relative to the real data, 

these are indicated by magenta bars; and if the model took less time relative to the real data, these are 

indicated by blue bars. The strings on the right side of the y-axis indicate the flight ID. 
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(b) Time period showing deviation (Departure) 

Fig. 45:  Flight time comparison between model and actual data for departure traffic. Green bars 

represent the model matches the real data. If the model took longer flight time relative to the real 

data, these are indicated by magenta bars; and if the model took less time relative to the real data, 

these are indicated by blue bars. The strings on the right side of the y-axis indicate the flight ID. 

 

7.4 Summary 

In this chapter, we created and evaluated an airspace model based on the abstracted route 

graph. Since the airspace models are complex in composition, unlike airport surface 

models, they are difficult to construct using only information on network composition. 

Therefore, here we took advantage of the characteristics of object Petri nets and allowed 

the aircraft itself to swim among nodes in “float”, thereby reducing the amount of work 

required to create the airspace network and improving the efficiency of model 

implementation. 

In the airspace model evaluation, good reproducibility was demonstrated for traffic 

volume and flight time. This means that the mesoscopic modeling framework developed 

in this dissertation can reproduce air traffic flow with some accuracy while significantly 

downsizing large volume data, which demonstrates the effectiveness of the proposed 
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modeling method. The raw air traffic flow data used in the airspace modeling is several 

gigabytes in size, but was downsized to a few megabytes by replacing all of the node-to-

node movement information with statistical data in the model. 

Depending on the scale of traffic flow data and the granularity required by 

designers for mesoscopic models, the modeling effort required can be enormous. 

Mesoscopic models originally had the advantage of providing accurate results to some 

extent with lightweight processing instead of directly handling raw data. However, if 

modeling itself takes a great deal of time, it would be faster to handle raw data directly to 

obtain results. Therefore, it is desirable to consider streamlining the modeling process as 

shown in this chapter or model designing that takes advantage of the characteristics of the 

modeling language. 
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Chapter 8  

 

Discussions 

In previous chapters, we systematize the necessary techniques for mesoscopic modeling 

and developed a framework. We also created an airport surface traffic flow model and an 

airspace traffic flow model and confirmed their effectiveness. Mesoscopic modeling can 

greatly reduce the amount of data while still maintaining some accuracy. It enables a 

significant reduction in the time cost required of the model designers. Since our focus in 

this dissertation is on the modeling methodology itself, we leave room for further 

development in terms of improving the accuracy of the model and evaluation methods. 

This chapter describes future issues and measures to further enhance the proposed 

framework. 

 

8.1 Future research opportunities 

To further improve the accuracy of the mesoscopic model in the proposed framework, 

consideration of vertical elements absorbed during the abstraction process and 

optimization through parameter tuning are possible. These are not in the scope of this 

dissertation, so we treat the following items as the future work. 

8.1.1 Consideration of vertical elements 

Airspace data is more complex because it includes the altitude factor and, unlike airport 

surface traffic flow, must be considered in three dimensions. In Chapter 6, the differences 

in altitude factors were absorbed by pre-processing and abstracted route graph creation 

during the mesoscopic process. However, depending on the degree of abstraction of the 

mesoscopic model, differences in altitude factors may become unabsorbable. Let us look 

at the following example. 
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Fig. 46:  Vertical plane of the most frequent trace. The position code set on the x-axis is the two-

dimensional position information converted to one dimension to align the altitude information of each 

trajectory on the graph. 

 

Fig. 46 plots the vertical cross section of trajectories for aircraft that flew on the 

most frequent arrival trajectory  in 7.1.1. Since the destination is 

the airport, all trajectories will eventually converge on a single point. Furthermore, 

because the key traffic points are extracted as discrete nodes, the altitude information at 

the nodes are also concentrated to some extent. For example, at node , aircraft from 

various altitudes descend toward a single point and pass at approximately the same 

altitude. Even if there are differences in height paths on the way to node , they will 

eventually arrive at the same point. Therefore, some degree of altitude variation can be 

treated as one and differences in altitude factors can be ignored by treating the airspace 

as a broadband conduit. The abstracted route graph absorbs differences in the vertical 

direction by replacing movement information between nodes with statistical information. 

However, if the altitude difference is significantly larger, it needs to be 

distinguished as a separate conduit. If we look at node , we see that the trajectories are 

distributed between 7 000ft and 10 000ft, but if we want to distinguish arrivals within this 

range, we need to create an abstracted route graph that also takes the altitude difference 

into account. In the en-route airspace, the same airway can be made bidirectional by 

setting altitude differences, or treated as a double-track route to increase the capacity of a 

single route. In this case, clustering only by two-dimensional location information and 
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absorbing the altitude factor would result in missing information necessary for traffic 

analysis. Even with terminal flight procedures, it is quite possible for departure and arrival 

routes to be in close proximity on a plane, depending on the environment around the 

airport, and if common routes are clustered in trajectory clustering, trajectories that should 

be distinguished will be merged. If altitude differences are intentionally provided to 

distinguish routes, the altitude factor cannot be absorbed by abstraction. Even for the same 

arrival path, there is a mixture of aircraft that pass through the optimal descent path (e.g., 

continuous descent approach [75]) with good fuel efficiency and those that choose other 

descent paths. In such cases, their efficiency can be compared by separating the descent 

paths by altitude and modeling them differently. 

To generate clusters while distinguishing differences in altitude, there are several 

possible methods, such as discriminating trajectories in the target airspace when 

extracting trajectories in the pre-processing stage, increasing the target dimension to three 

dimensions in space partition using k-d-b tree, and considering the vertical direction in 

the distance scale parameter  of trajectory clustering algorithm. In particular, in 

trajectory clustering process, by including an altitude factor when calculating the distance 

between segments, segments that are close in plane but have altitude differences can be 

separated. In this case, since the vertical distance is shorter than the horizontal plane 

distance, the vertical distance must be normalized and scaled to the horizontal plane 

distance. 

 

8.1.2 Parameter optimization 

The air traffic flow model presented in this dissertation showed high accuracy while 

downsizing through abstraction but leaves room for further optimization. In particular, in 

the creation of the airspace model shown in Chapters 6 and 7, there are numerous 

parameters, and changing just one of them will change the form of the model. While this 

dissertation focuses on establishing a mesoscopic model building method, future work 

includes parameter tuning and optimization. The parameter sets used in abstracted route 

graph creation and mesoscopic modeling are as follows: 
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Parameter set for mesoscopic modeling 

Parameters that control the degree of approximation of the alpha shape 

to the boundary of a point set 

Reference distance for down-sampling in the Ramer-Douglas-Peucker 

algorithm 

Reachable radius from any point in DBSCAN algorithm 

Reachable radius from any segment in TRACLUS algorithm 

Size of leaf nodes of the k-d-b tree for the data set 

 Queue capacity of each node. Adjusting the queue capacity prevents 

overflow due to sudden inflow, but it should be set to a number that 

takes into account the route length and the size of the moving object. 

 Delaunay triangle mesh size to be set for envelope polygons in alpha 

shape output 

 Minimum number of segments to form a core cluster in TRACLUS 

algorithm 

 Minimum number of points to form a core cluster in DBSCAN 

algorithm 

⊥, ∥, 𝜃 Weighting coefficients for the inter-segment distance in the 

TRACLUS algorithm. The weighting is determined for each of the 

three distances ⊥, ∥, 𝜃 that consist of the inter-segment distance. 

In this dissertation, all are set to 1.0. 

, , ,  Probability density distribution parameters (Erlang distribution: , ; 

Gaussian distribution:  ,  ) representing movement information 

between adjacent nodes in an abstracted route graph 

 

The optimal degree of abstraction depends on what the designer wants the model 

to do. The degree of abstraction can be defined as the fineness of the network model. For 

example, a smaller parameter  in k-d-b tree results in a larger number of leaf nodes and 

finer segmentation of the space. Since the segment size input to trajectory clustering is 

determined by this segmented space size, the smaller  is, the smaller the deviation from 

the real data. Therefore, setting  will minimize the error, but that would result in 

the same granularity as the raw data. It is necessary to determine parameters that minimize 
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the error from the real data while maintaining the granularity of the mesoscopic model 

according to the abstraction level. 

8.1.3 Development of model evaluation methodology 

Whether the created mesoscopic model is good for the analyst is determined by whether 

the model reproduces the traffic flow well and is useful for understanding the current 

situation and simulating improvement measures to eliminate congestion. If the overall 

accuracy in reproducing traffic flow is good but the errors are biased, it is not a good 

model for the analyst. On the other hand, even if the accuracy is moderate, it may be 

useful to the analyst if the error is constant throughout the target space. 

Let us consider, for example, the granularity of an abstraction graph. When an 

abstracted route graph is generated from a certain traffic flow, the finer the nodes of the 

network, the more granular the model. However, a high granularity, in turn, makes it 

difficult to keep the overall error amount constant. A rough graph with low granularity 

tends to have a relatively large amount of error in each segment, but because of the high 

level of abstraction, it is easier to keep the overall error constant. Therefore, a high level 

of abstraction does not necessarily lead to a good mesoscopic model. Regardless of the 

level of abstraction, a graph that well represents the character of the traffic flow is a better 

model. 

In this dissertation, we conducted the evaluation from the perspective of analyzing 

airport surface traffic flow and airspace traffic flow, but the evaluation scale varies 

depending on the targeted traffic flow. Therefore, after mesoscopic models are created, 

the challenge is to develop a method to quantify the goodness of fit for the analyst. 

8.1.4 Selection of clustering algorithm 

The core of this framework is clustering technology, which abstracts raw data by merging 

similar paths. There are many clustering algorithms as described in 6.3, and they are 

mainly classified by distance measure into density-based, trajectory-based, time-series-

based, and similarity-based. 

In process mining, there is also clustering by trace [76]. Since this is the similarity 

of the event series contained in the traces, it can be classified into the edit distance of 
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similarity-based clustering. In this dissertation, we employed density-based and 

trajectory-based clustering, which are suitable for air traffic flow, but it is important to 

explore the most suitable clustering algorithm for different types of traffic flow. 

 

8.2 Summary 

Since the mesoscopic modeling framework proposed in this dissertation focuses primarily 

on method development, future works remain regarding optimization of model accuracy 

and evaluation methods. The parameter tuning described in 8.1.2, which seeks better 

parameters by feeding back errors, is closely related to the evaluation method described 

in 8.1.3. Therefore, to further enhance the proposed framework, research on the extraction 

of optimization models, parameter tuning and development of evaluation methods by 

applying machine learning is necessary when aiming to improve accuracy. 
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Chapter 9  

 

Conclusions 

9.1  Output of this dissertation 

9.1.1 Summary of the output 

In this dissertation, in order to represent the abstracted traffic flow as the mesoscopic 

model, we developed a method for creating a concurrent system in which each moving 

object operates sequentially and in parallel, competing for resources and operating 

sequentially. We selected object Petri nets as the model description language and showed 

a method to combine a large number of small subnets to construct a hierarchical, large-

scale model. In addition, a specification conformance check method using process mining 

technique was developed to demonstrate that the model is operating correctly according 

to the design. The method can show that the model behaves correctly as intended by the 

designer and that at least the inspected model output contains no errors and is valid for 

analysis. 

Next, we developed a mesoscopic modeling framework to abstract the traffic flow 

data, leaving the major streams of the network at a level where bottlenecks and stagnation 

sites can be identified, and to represent the data as a graph consisting of nodes and edges. 

In modeling, process mining techniques were applied to efficiently identify traffic 

patterns, remove noise, and extract statistical information, thereby significantly reducing 

the required workload. In this dissertation, air traffic flow data was used to model airport 

surface traffic flow and airspace traffic flow. Compared to airport surface traffic, aircraft 

behavior in the airspace is more complex due to the lack of a fixed trajectory and the 

altitude factor. Therefore, two approaches, density-based clustering and skeleton 

extraction, and space partitioning and trajectory clustering, were used to build a 

framework for generating graphs suitable for mesoscopic modeling from air traffic flow 
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data. 

Finally, we evaluated that the created model has a certain degree of reproducibility 

compared to the real data, while significantly reducing the amount of data. The final 

output mesoscopic model of air traffic flow downsized the amount of data to a few tenths 

of the original data, while still reflecting the characteristics of the traffic flow and 

allowing the model designers to achieve their objectives. 

9.1.2 Answers to research questions 

To the research questions Q1-Q3 presented in 1.1.2, this dissertation provides the 

following answers A1-A3: 

 

A1 Modeling with down-sampled data and its accuracy: The mesoscopic models 

presented in this dissertation discretize continuous traffic flow data to a level where it can 

be treated as an event log, ultimately significantly reducing the amount of data. On the 

other hand, the airport surface traffic flow model and airspace traffic flow model 

developed in this dissertation have achieved a certain level of accuracy, as shown in the 

evaluation results in 5.4 and 7.3. As mentioned in 8.1.2, the accuracy required for the 

model is determined by the model designer. If the accuracy is insufficient, the designer 

can modify parameters to make the model more microscopic, i.e., closer to the raw data. 

The method presented in this dissertation allows adjustment while maintaining a balance 

between accuracy and granularity. Thus, we have shown that the designer can obtain the 

desired results even if the amount of data is reduced to some extent by down-sampling 

the continuous data instead of dealing with it directly. 

 

A2 Selectable modeling abstraction: The method presented in this dissertation allows 

the model designer to select the level of abstraction according to the level of granularity 

desired, rather than simply discretizing the data in order to reduce the amount of data. If 

the model designer wants to know in detail where congestion occurs and the trajectory of 

each moving object, the granularity can be set high; if the designer simply wants to know 

the large flows, the granularity can be set low. The level of abstraction can also be changed 

locally depending on traffic density. This can be fine-tuned by selecting parameters such 
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as space partition or density-based clustering in an abstracted route graph framework. 

Thus, the model can be selected to be either macro- or micro-oriented, or even partially 

micro-oriented with other parts being macro-oriented. 

Mesoscopic models can also be created that have the advantages of both macro and 

micro models. Micro models in existing studies (e.g., agent simulations), while capable 

of accurate simulations, require workloads to reproduce huge traffic flows. On the other 

hand, macro models (cell models, queueing models, etc.) reduce the amount of data and 

workloads required for simulation, but specific detailed features of the traffic flow tend 

to be omitted in the modeling process. Mesoscopic models can express throughput and 

traffic capacity estimation, which macroscopic models are good at, and identification of 

congestion area, which microscopic models are good at, in a single model. 

 

A3 Checking model correctness: In this dissertation, we have developed a method using 

process mining techniques to check the safety, liveness, and fairness of model behavior. 

The application of software verification/testing concepts to simulation models and output 

event logs is a new perspective. To ensure that the model met specifications, we used 

process mining to detect incorrect things for the model (e.g., latent bugs in the model). 

Since the method presented in this dissertation can check only the event logs output by 

the model, there is no need for the model to be equipped with a special inspection 

mechanism. It is not model-specific, but can be used for mesoscopic models in general. 

 

9.2 Suitability of the proposed method 

The mesoscopic modeling approach presented in this paper is not suitable for all purposes 

due to its nature of extracting and abstracting features of traffic flows. Some cases are 

suitable, and some are not, depending on the modeling target. Therefore, before modeling, 

it is necessary to determine whether this method is suitable for the target traffic flow and 

the purpose of modeling (desired output). Here we show examples of cases where this 

method is suitable or unsuitable as below: 

 

Suitable case: Suitable for traffic flows where there is a certain degree of common flow 



120 

 

in the trajectories of moving vehicles and major routes exist. It is also suitable for cases 

where each mobile unit has a common destination (a specific geographic point such as an 

entrance/exit of a building, a bay port, an airport, etc.) and passes through the area at a 

high frequency. 

 

Unsuitable case: When moving objects move in disorder and trajectories are uniformly 

distributed, both density-based and trajectory clustering are unsuitable because it is 

difficult to form clusters. In addition, because of the abstraction graph, it is not possible 

to reproduce dynamics such as braking, acceleration/deceleration, and so on. 

 

9.3 Applications 

While this dissertation dealt with air traffic flow data and its modeling, the mesoscopic 

modeling framework of traffic flow presented here can be applied to any spatial data that 

can be represented by a network model. Based on the "suitable case" mentioned in 9.2, 

we show some examples as follows: 

9.3.1 Traffic flow data 

⚫ Existing traffic modes: Traffic flow data for vessels and vehicles have been widely 

used for a long time, and there are a variety of methods for their analysis; Dobrkovic 

et al [64] and Filipiak et al [65] used vessel AIS data to perform space partition and 

also used genetic algorithms to extract key traffic flow points of the traffic flow. 

Besse et al [60] also perform trajectory clustering with SSPD on cab trajectory data. 

These are applicable to the mesoscopic modeling framework of this dissertation. 

 

⚫ Next-generation air mobility traffic flow: The air traffic flow data used in this 

dissertation is derived from aircraft track data under air traffic control, but it is 

predicted that the next-generation air mobility [77] [78], called urban and advanced 

air mobility (UAM/AAM), will emerge and further overcrowd traffic in the airspace. 

It is necessary to consider air traffic that integrates existing air traffic control and 

next-generation air mobility, but the UAM/AAM may have a different traffic flow 
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from the current air traffic flow because it has a smaller margin against ground 

surfaces, obstacles, and other aircraft than existing aircraft, and its behavior is steeper. 

Therefore, the existing air traffic flow and UAM/AAM will require variable 

modeling granularity. The abstraction methods with density-based space partitioning 

and trajectory clustering described in Chapter 6 are useful. 

9.3.2 Observation data of natural phenomena 

⚫ Wind direction and typhoon track: Open data on wind direction and typhoon tracks 

are provided by the JMA (Japan Meteorological Agency) [79], ECMWF (European 

Centre for Medium-Range Weather Forecasts) [80], and NOAA (National Oceanic 

and Atmospheric Administration) [81]. For example, for typhoon trajectories, though 

the distance measure used is different from the method of this dissertation, 

Kordmahalleh et al. used the distance between time series data (DTW [61]) and used 

the most similar hurricanes for network training [82]. Tupper and Anderson also 

perform time series wind speed clustering by band distance [83], which is an 

extension of band depth [84]. 

9.3.3 Human and animal tracking data 

⚫ Pedestrian tracking data: An example of available data is the MOTChallenge data 

[85]. MOTChallenge is a benchmark for machine learning person tracking algorithms, 

but the publicly available dataset includes video data for machine learning and 

motion detection data for algorithm evaluation are also included. The pedestrian data 

in a shopping mall [20] discussed in Chapter 1 is also data for tracking people from 

camera images, as is the MOTChallenge. Pedestrian data in station premises and 

plazas are different from those with fixed routes, such as roads, where the 

randomness of movement is high, and it is difficult to extract the major traffic flow 

simply by plotting it directly. In the method presented in this dissertation, the space 

is divided on a density basis and the trajectories of each pedestrian are clustered. Thus, 

it is possible to extract the major traffic flows hidden in the data. 

 

⚫ Animal Tracking Data: Mesoscopic models can also be created from animal 
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tracking data using the methods in this dissertation. Examples of available data 

include sheep and goat track data [86] and fish track data [87] . Deer track data are 

also used in the evaluation of the TRACLUS trajectory clustering [59]. 

 

⚫ Sports Analytics: Data analytics using track data from various sensors has also been 

introduced in the sports field, and is used for various statistics such as player 

performance measurement and pass network analysis. Analysis of the range of player 

actions and pass networks can be done by downsizing and abstracting the raw data, 

so the method in this dissertation is applicable. While there are many commercial 

datasets for track data, there are also many open data sets available for free use, such 

as soccer [88], ice hockey [89], basketball [90] [91]. Note that image recognition and 

person detection are required to acquire track data from [90] [91]. 

 

9.4 Contributions 

The proposed mesoscopic model focuses on reproducing the general flow of traffic flow. 

It is suitable not only for reproducing the traffic flow as a phenomenon on a computer, 

but also for using the model to obtain an overview of the traffic flow and to repeat the 

simulation many times with varying conditions. For example, in the case of vehicular 

traffic flow, simulations could include new detour roads, changes in traffic signal patterns 

at intersections, and changes in the surrounding environment that would affect traffic flow 

(e.g., new shopping malls or train stations). In the case of air traffic flow, examples could 

include new flight procedures and airways, changes in altitude restriction or airspace 

design. In the case of human flow, examples could include structural changes in train 

stations, confirmation of corridor design in new buildings, and simulation of evacuation 

routes in the event of a disaster. 

As mentioned at the beginning of Chapter 1, when measures are introduced at a 

cost in the above cases, there is a risk that the investment will be wasted if they are not 

effective. If there is no confidence that the benefits will be obtained reliably, then the 

decision to introduce the measure cannot be made. Therefore, when making costly 

changes to traffic flow, it is necessary to try various settings in detail to find the 
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configuration that will produce the greatest effect. Simulations must be repeated, taking 

into account not only the transportation infrastructure to be introduced, but also the 

surrounding environment and weather conditions. Time and effort are required at the stage 

prior to introducing measures, which delays the manifestation of effects and results in the 

loss of public benefits. 

The mesoscopic model we proposed in this dissertation allows lightweight and fast 

simulations under different conditions. It is expected to be applied to various traffic modes 

and to reduce the workload of analysts in introducing measures, etc. 
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