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ABSTRACT 

Based on time-series Recurrent Neural Network (RNN) forecasting results, air 
traffic volumes and air passenger volumes will keep increasing for the coming decades. 
It will challenge the current airport capacity including runway capacity and terminal 
capacity. The airport group can improve the airport service efficiency and resource 
usage rate or build more facilities to meet the passenger demand. Moreover, air traffic 
volume forecasting demands better route structure as the number of aircraft goes up 
rapidly and current rigid route structure cannot meet the future traffic demand. Free 
flight concept emerged as a result of the development of advanced tracking, prediction 
and communication equipment. Artificial-Intelligence (AI)-based free flight increases 
the safety operation of the flight especially in adverse weather conditions and 
congested airspace as free route leads to more direct or wind-optimal trajectory. In the 
context of next generation of air traffic management (ATM) and implementation of 
automatic dependent surveillance – broadcast (ADS-B), the author proposed methods 
that can help to build safer and more efficient ATM systems. That is to say, the author 
applies a novel 3D multi-agent path planning method based on the free route airspace 
(FRA) concept in the ASEAN region and uses visual conspicuity experiments to guide 
the visual factors in order to obtain maximum visibility of the aircraft for tower 
controllers. On one hand, in order to better cater the increasing traffic volume, the 
author invented and validated a novel 3D multi-agent path-planning algorithm for the 
commercial aircraft to find a more efficient route, especially under adverse weather 
conditions. By implementing this path-planning algorithm in free-flight route structure, 
airspace capacity can be increased significantly. Since pilots can plan the aircraft freely 
between entry points and exit points, there is a decrease in workload for Air Traffic 
Control Officers (ATCOs). Moreover, the advantages of changing to this route 
structure include lower flight traveling time and decreased energy consumption. This 
route structure could contribute significantly to curb climate change impact due to the 
fact that greenhouse gases are mostly emitted from vehicles and aircraft. On the other 
hand, visual conspicuity for airplane approaching and departing in the vicinity of the 
airport or in the airspace is very important for the safety of aircraft. Studies on visual 
factors can improve visibility for the surrounding environment. Visual conspicuity 
field tests tend to cost a lot and require huge amount of human resources. Moreover, 
it is restricted by the schedules and regulations of the airport. Thus, lab simulation can 
replace field tests and generate the desired scenes easily. We use commercial image 
processing software to create the desired scenarios with the changing of the visual 
parameters based on the Airbus A320 and Boeing B737-800 SolidWorks models. The 
results show that visual conspicuity is related to visual factors including lightness, 
distance, chromatics, contrast, reflection and search time. The visibility of aircraft can 
be increased by tuning visual parameters.  
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CHAPTER 1  

INTRODUCTION  

1.1 Research background 

Nowadays, the air traffic industry has boomed with the number of air passengers and 

the number of aircraft increase. As a result, research on forecasting of air traffic and air 

passengers are promising. The forecasting can serve as the base for the future plans in order 

to meet the demand of air traffic and cater the need of air passengers.  

Neural networks are remarkable tools for extracting data changing patterns with the 

existence of noise distraction [1]. Recurrent neural networks are widely used for time series 

regression forecasting problems such as weather forecasts and airport passenger forecasts 

[2, 3]. Airport passenger forecasting is extremely useful to predict the passenger demand 

in the future. Based on the passenger movement forecast, the airport managing group can 

adjust the airport service, resources, and facilities to meet the passenger demand while 

improving the airport efficiency and resource usage [4]. Airport passenger forecasting can 

be classified into short-term forecasts, medium-term forecasts, and long-term forecasts [5]. 

In this study, we focus on long-term passenger movement forecasting which plays an 

important role for airport expansion plans, such as new airport terminal construction. If the 

forecasting model is accurate and has a high confident level, the airport group can make 

development plans based on the forecasting results in order to cater the future passenger 

demand. In this case, we use the passenger data of Changi Airport for the past 20 years and 
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data from the Singapore Statistics to train our neural network model and make a prediction 

for the future passenger demand.  

In recent years, flight safety is still one of the main issues for airlines. En route civil 

airplanes may encounter adverse weather conditions. Some fatal airplane accidents 

happened because of the weather disturbance. Moreover, we should also design path to 

avoid the prohibited area. Therefore, a good 3D multi-agent path-planning algorithm plays 

an increasingly important role in air traffic management [6]. An efficient path-planning 

algorithm can help the plane to avoid severe weather conditions, restricted areas and 

moving obstacles to ensure the safety of the cabin crews and passengers [7]. Here, we build 

our novel 3D multi-agent path planning algorithm based on the Particle Swarm 

Optimization and Genetic Algorithm [8, 9]. Moreover, our algorithm can also find the path 

with least energy costs. As a result, our algorithm can improve the safety operation of the 

airplanes and reduce the workload of pilots and air traffic controllers. To be more specific, 

the workload for the Executive Controllers (ECs) in the free route scenarios with the 

implementation of this 3D path planning algorithm is around 21.8% lesser than that of the 

current airspace structure. For the planning controllers, the number of the workload 

reduction is around 43.1% of the current workload. The relief of the ATCs workload can 

contribute to higher safety operation level of air traffic control and enable ATCs to handle 

more aircraft.  

Safety operations of airports and en route aircraft are still one of the main issues in air 

traffic management (ATM). Even though the technology is already advanced enough to 

display simulated aircraft on the computer, airport tower controllers are still required to 
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have clear vision of the approaching and departing aircraft in order to observe the status of 

aircraft and respond quickly in case of emergency. Conducting field tests in the airport may 

be restricted by the schedules of the airport operation and can even interfere with the tasks 

of tower controllers [10]. As a result, it is costly and time-consuming to conduct field visual 

conspicuity tests in the airport. On the contrary, lab simulations can create as many 

scenarios as possible and are easy to prepare. If the lab simulation produces a good fidelity 

and accuracy rate, it can replace the field test and turn conspicuity measurements to be 

more flexible and convenient [11]. The aim of our experiments is to find the relations 

between visual conspicuity and different visual parameters. Based on our experiments, we 

can help the tower controllers to better detect and monitor the plane status in the airport 

vicinity. This can benefit the safety operation of the airport and contribute to more efficient 

Air Traffic Management.  

1.2 Research motivation 

The motivation behind the author’s research on forecasting of air passenger volumes 

is to foresee the trend of air passengers and to think of ways to deal with larger numbers of 

passengers. Nowadays more people choose to take the flights while travelling. As a result, 

the current airport capacity may not be able to provide services for so many passengers in 

the future. The airport operators should make annual plans based on the passenger volume 

forecasting in order to cater the need of increasing number of passengers. At the same time, 

when current resources can no longer accommodate larger numbers of passengers, the 

government should consider building up more terminals to increase the airport passenger 
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capacity.  

The motivation for forecasting the traffic volumes is that the air traffic management 

needs to know about the changing trend of the air traffic volume in order to create plans for 

efficient and robust management. Moreover, the airport also needs to know the approximate 

number of aircraft landing on and departing from the airport in the future. The aims are to 

make use of airport resources to the fullest and to make decisions for airport development 

based on the forecasting results. For example, a new runway should be proposed as the 

number of aircraft which utilizes this airport runway exceeds the maximum handling limit.  

Besides, time-series models or econometric models have been used for forecasting 

many problems. However, combination of econometric model with time-series model is 

novel especially in forecasting of passenger volume. The economic factors have huge 

influence on passenger volume while passenger volume has seasonal and periodical 

patterns which can be predicted by time series regression. 

The study on multi-aircraft route optimization is driven by the aircraft forecasting. As 

the number of aircraft in the airspace increases rapidly, the airspace will be more crowded. 

Therefore, better route planning can not only reduce conflicts but also decrease traveling 

time and traveling distance. Moreover, the research on aircraft route planning under adverse 

weather conditions and emergency conditions is also critical because aircraft safety is still 

one of the key problems that the industry is facing. In this research, the author proposed a 

path planning method based on Particle Swarm Optimization and Genetic Algorithm to 

optimize the route and avoid dangerous situations.  

Last but not least, the author did experiments on the aircraft landing and departing 
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visual conspicuity based on lab simulation. Computer aided technology helps the air traffic 

controller by providing the simulated image of the landing and departing aircraft. However, 

in real world scenarios, a clear view of the landing and departing aircraft is still very critical 

in terms of observing the real conditions of the aircraft especially during emergencies. As 

a result, the author conducted experiments in the laboratory to investigate the key factors 

which have effects on the landing and departing aircraft visual conspicuity. The aims are to 

find the key factors and quantify their relations with visual conspicuity so that all the factors 

can be optimized to obtain the maximum visual conspicuity for the air traffic controllers.     

1.3 Problem statement  

 Few research conducted about forecasting on the passenger volume and traffic 

volume based on data mining and data analytics in ASEAN region.   

 Free route has not been implemented in any part of Southeast Asian region yet.  

 There are not many 3D multi-agent path planning algorithms available special 

for aviation.  

 There are not any visual conspicuity study about landing and departing aircraft 

visibility for the tower controllers.  

1.4 Objectives 

The main objectives of this research are: 

 To forecast the passenger volumes for the next five years for the Changi Airport 

by using a deep learning recurrent neural network with economic variables.  
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 To develop a novel 3D multi-agent aircraft path planning method under adverse 

weather conditions and emergency conditions. 

 To apply a novel 3D multi-agent path planning algorithm in the next generation 

airspace structure.  

 To conduct research on simulated airplane landing and departure visual 

conspicuity.  

 To study the visual factors which have effects on visibility. 

1.5 Scope of the thesis 

The scope of this thesis consists of: 

 Forecasting the future aircraft demand in the airspace for the air traffic 

management.  

 Forecasting the passenger volume for the next five years for the Changi Airport.  

 Developing a 3D multi-aircraft route re-planning under adverse weather 

conditions and emergency conditions.   

 Applying the path-planning algorithm on free route airspace structure.  

 Investigating the key factors of visual conspicuity for the landing and departing 

aircraft in the airport vicinity. 

1.6 Organization of this thesis 

This section provides the information regarding the following chapters in this thesis. 

This thesis is organized as follows: 
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 Chapter 2 demonstrates the state of art literature reviews of aircraft and 

passenger volume forecasting, visual conspicuity and path planning algorithms.   

 Chapter 3 highlights the forecasting of future airport passenger volumes which 

are used to examine the trend for air traffic management.  

 Chapter 4 shows the visual conspicuity experiments that have been done to 

investigate and verify the visual factors which have the major impact on the 

visual conspicuity.  

 Chapter 5 describes a novel 3D multi-agent path-planning algorithm for aircraft 

under adverse weather conditions and emergencies.  

 Chapter 6 gives the conclusion for this research, the improvement of this 

proposed method and the future works.  

1.7 Research framework and theme 

The research framework can be seen in Figure 1.7.1. It shows the flow chart of this 

Ph.D. research and how the research was conducted.  

To be more specific, the government needs to make plans for the development of the 

airport in order to cater the need of future passengers. This makes the forecasting more 

important in the contemporary society. Forecasting has been applied in several areas, 

including economy, transportation, agriculture etc. Forecasting the air traffic can prevent 

inadequate preparation for a larger volume of air traffic or a waste of resources because of 

overestimating the air traffic volumes. The first step of this research is to forecast the 

passenger volume in the airport based on deep learning recurrent neural networks. In this 
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research, the author takes Changi Airport as an example. All airports can use the same 

methods to make predictions for air passengers. The results show that Changi Airport will 

experience a fast growing trend in the near future. The current infrastructure may not be 

able to accommodate so many passengers in the future. This is the reason why Changi 

Airport Group plans to build another terminal and runway in the future.  

Based on the forecasting, the author concludes that both the number of aircraft in the 

airport and the passengers at the airport will increase in the following years. This will 

challenge the current air traffic management in capacity and safety perspectives. Air traffic 

management must improve to be more efficient and safer to meet the standard of future air 

traffic. Current airspace structure is not efficient enough to accommodate future air traffic. 

However, free route airspace concept can help to increase the utilization ratio of the airspace 

and increase airspace capacity. The aircraft can plan freely between the entry point and the 

exit point. However, the free route airspace is only in the cruising phase when aircraft keeps 

maintaining on the highest flight level. The Terminal maneuvering Area (TMA) phase and 

Standard Instrument Departure (SIDs) / Standard Terminal Arrival Route (STARs) phase 

are still under the control of air traffic controllers and tower controllers, respectively. In the 

free route airspace, a multi-aircraft 3D path planning algorithm is needed to guide the 

aircraft to avoid conflict and adverse weather conditions. For the landing and departing 

procedures of the aircraft, visibility enhancement is needed for the tower controllers in 

order to supervise the SIDs/STARs more clearly and safely. The research is divided into 

two parts. One is the study on the visual parameters on the effect of visual conspicuity. 

From this study, the author designed methods to enhance the visibility of the tower 
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controllers under simulation setup and validate the model. Another study is the research on 

3D multi-agent path planning methods. The author invented a novel 3D multi-aircraft path 

planning algorithms to help the aircraft fleet in the free route airspace to plan flight route 

efficiently and safely. A validation is conducted to examine the performance of the 3D path 

planning algorithm. Research on the environment effect, capability improvement and 

workload reduction are conducted to evaluate the new path planning algorithm in the free 

route airspace.    

To be more specific, airplane accidents occur because of bad weather and war conflicts. 

Even though traveling by air is still the safest way of travel, the airplane accidents will be 

fatal once they happen. Moreover, as the number of airplanes in the airspace increases, it 

will be more challenging to guide and maintain the safety of air traffic. Free route is the 

next generation of ATM. In the free flight, the aircraft fly freely in the airspace between the 

entry point and the exit point instead of following the discrete waypoints. The first order of 

derivatives of path is not continuous at the intersection points. As a result, the author comes 

up with a 3D multi-agent path planning method which helps to guide the aircraft during 

adverse weather conditions or during military conflicts in the context of free flight. The 

research is based on a novel 3D path planning algorithm which is designed for the aircraft 

to find the shortest path in the free route airspace. One of the important rules is to guide the 

vehicle to keep a safe distance to any conflicting aircraft. It is commonly known that the 

pilots would take control of the aircraft during emergencies and the algorithms cannot take 

control of the aircraft during emergencies. However, the author can suggest the best path 

or solutions for the pilots to consider and guide the vehicle out of dangerous situations. The 
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author uses one notable implementation tool simulation to test the effectiveness and 

accuracy of his approach. The results show that the aircraft can avoid certain dangers in the 

simulated situations and stay away from the bad weather.  

Besides contributions on the path planning methods, the author also conducts studies 

on the visual effects. Usually, people use the vision of bare eyes to acquire the information 

surrounding them. Nowadays the technology is advanced enough to help human vision of 

tower controllers with secondary surveillance radar or infrared sensors, especially when the 

distance is large. However, human vision of tower controllers is still important and complex 

which current technology cannot exceed. The visibility of aircraft during SIDs/STARs is 

determined by many factors. This research is to study which factors are related to aircraft 

visibility. Then the author suggests many ways to improve aircraft visual conspicuity based 

on visual conspicuity experiments. The factors that the author takes into consideration here 

are chromatics, hue, distance, lightness, flight gesture, sunlight, reflection and contrast. The 

author finds that all the factors mentioned can affect visual conspicuity and different factors 

have different levels of impact, ranging from significant impact to negligible impact on the 

visibility. As the pilots steer the airplanes, they need to catch the information of the 

surrounding environment during landing or taking off. For the air traffic controllers in the 

control tower, they need to have a clear view of the landing, departing and ground airplanes 

to dispatch the air traffic in the airport and make the air traffic flow as smooth as possible. 

The visibility of aircraft for the tower controllers and the environment visibility for the 

pilots are extremely important for the safety operation of the aircraft. 
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CHAPTER 2  

LITERATURE REVIEW  

2.1 Air traffic forecasting 

Air traffic management (ATM) is about all systems assisting aircraft to take off from 

the airport, transit in the airspace and land on the destination. Air traffic management 

manages air traffic control, airspace structure, air traffic flow, and services in order to 

ensure flight safety and to increase efficiency [12]. As the number of aircraft increases, the 

current air traffic management system has nearly reached its maximum capacity to handle 

all the aircraft safely. In order to deal with this problem immediately, some methods [13] 

have been proposed to better utilize the current infrastructure and avoid the building of new 

infrastructure to save expenditure. The new capacity concept is intended to develop 

capacity simulation which compares different runway operation modes including a mixed 

mode, a partially mixed mode, and a managed departures mode. After that, the capacity 

from simulation software is compared with actual traffic flow and declared capacity in 

order to improve current air traffic flow management and air traffic control. Declared 

capacity means stated capacity of the airport in aircraft movements per hour [14]. It was 

defined by EUROCONTROL in 1998. At the same time, a database was also built for the 

member states of the European Civil Aviation Council [15]. Figure 2.1.1 shows the 

simulation results of the scenarios 1 to 3.   

 



 

30 
 

 

Figure 2.1.1 Unconstrained runway capacity [Pitfield et al. Journal of Air Transport 

Management 4 (5) (1999) 185-192]  

 

However, these methods can only accommodate the number of passengers in the near 

future. Research has been done to estimate the importance of building new infrastructure 

to cater the future passenger volume. The research included relative contribution to the 

capacity of three main London Airports for five different approaches, including building 

new Thames Estuary Airport, extending or building a new runway at Heathrow, a second 

runway at Stansted and Gatwick, and mixed approaches. Four factors are taken into 

consideration for the Monte Carlo simulation, including aircraft speed, traffic mix, runway 

occupancy time, and airplane separation minima. This relative estimation cannot provide 

exact solutions for London Airport because realistic estimation is based on absolute 

capacity. Socio-economic impact and environment impact need to be considered as well. 

The author compared capacity increase percentage during peak hour for different 

approaches. Figure 2.1.2 shows the comparison results for all proposals. It illustrates that a 

new runway and no runway alteration increase around 21% and 5% of peak hour capacity, 

respectively. Last but not least, the capacity issues cannot be solved without building new 
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infrastructures. As a result, it is very necessary for the airport group to forecast the trend of 

passenger volume and traffic volume in order to make plan for airport expansion.  

 

 

Figure 2.1.2 Proposals comparison [Irvine et al. Journal of Air Transport 

Management 0 (42) (2015) 1-9] 

 

Air Traffic forecasting has been used widely around the world for projection of the 

trend in the air traffic and passenger volume. Forecasting conducted by Boeing shows 4.8 

percent and 4.2 percent annual growth rate over the next 20 years for the commercial 

aircraft traffic and cargo traffic, respectively [16]. Especially in ASEAN region, the air 

traffic volume has great potential to go up as ASEAN has grown from an underdeveloped 

region to the most integrated and vibrant region in the world economy [17]. The annual 

growth rate forecasted by Airbus is 5.5 percent in ASEAN region [18]. The percentage of 

growth is higher than any part of the world. Price reduction and development of budget 

airlines contribute to the increasing number of passengers worldwide [19]. Besides, flight 

frequency and plane passenger capacity can affect traffic demand for long-haul flight and 
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short-haul flight [20]. Frequency and cheap air ticket can boost traffic for short distance 

flight. Plane capacity can generate traffic for long-haul flight.  

Many methods are used for the traffic demand forecasting including econometric 

models and time series techniques. Time-series models with and without econometric 

independent variables were examined for the forecasting accuracy and predictive validity 

by Matthew et al. [21]. Linear regression models with simple explanatory variables were 

established to fit the forecasting of Frankfurt Airport. Higher-order polynomial can cause 

multi-collinearity problem in some cases [22]. He also found that different airports had 

various sets of explanatory variables at influence levels. Huth [23] used a multi-stage time 

series models for the forecasting of passenger volume between Los Angeles and New York. 

He separated the data into two stage, namely trend data and seasonality. The seasonality 

was forecasted by a regression model. Besides, time series grey model [24] can also be 

used to forecast trans-pacific air passenger volume. Grey models use a set of differential 

equations to represent the variance of parameters. In the end, grey model had more accurate 

results than ARIMA and multi regression models. Time series techniques are easy to use in 

research but they fail to represent the causes for the aviation industry growth [25]. In 

addition, economic events such as economic depression, changes in regulatory policy, and 

society chaos such as terrorism act and contagious disease outbreak cannot be represented 

by the time series methods [26]. 

Economy and air transportation industry are interdependent [27]. Economy activity 

can boost the demand of air traffic while air traffic industry can create jobs and boost the 

business related to aviation industry. Passenger volume can be a good predictor of the 
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metropolitan GDP growth, population and employment [28]. For example, research found 

that 1% increase in passenger volume can contribute to 0.934% GDP growth increase [29]. 

The causality between economy and air traffic are strongly bi-directional. Air traffic 

demand can be influenced by factors, including economic sanctions, utilization of a new 

transportation mode, economic crisis and exogenous demand shocks. Air traffic supply can 

be affected by factors, including airline strategy, infrastructure, government regulation, and 

plane capability [30]. Howard et al. did [31] a long time forecasting of UK passenger 

numbers based on modified Holt-Winters decomposition. He used the univariate 

forecasting for the long haul flight. The methods cannot forecast short term trend and 

interpret the relationship between economy variables. In this research, the author used 

multivariable forecasting methods to project the trend of passenger volume in Changi 

Airport.     

Various economy data analytics algorithms can be used to build econometric models 

for the forecasting of the air traffic and passenger volume. The explanatory variables 

include total expenditures, Gross Domestic Product (GDP), jet fuel price [32], exogenous 

shock, income, exchange rates, imports and interest rates, government appropriations and 

import of goods and services [33, 34]. Some researchers found the relationship between 

traffic volumes with the economic factors [35]. Abed [26] used econometric model to 

forecast the air traffic demand in Saudi Arabia. The author used stepwise regression 

technique to design different models for the air traffic forecasting. He studied the 

relationship between explanatory variables by correlation matrix to decide which 

parameters are the main determinants for air traffic demand. After that, he found that the 



 

34 
 

model which used total expenditures and population size as two variables is the most 

suitable model for the Saudi Arabia international traffic. The other combination of variables 

all have the existence of multi-collinearity. Cheze [36] utilized panel-data modeling to 

estimate the air traffic volume till 2025. The main variables the author took into 

consideration were market maturity, GDP, jet-fuel price and exogenous shocks. The main 

variables were decided by Arellano-Bond estimator [37]. Moreover, the author found that 

the magnitude of the effect of the variables varied among different parts of the world. In 

the end, the results showed average yearly growth rate was 4.7 percent at the world level. 

Kyrgyz transited from a planned economy to a market based economy after its separation 

from Soviet Union. The previous data under the planned economy is not suitable for the 

prediction of air traffic under market based economy. Different future develop strategy such 

as, resource extraction, building air traffic hub, development of tourism and establishing 

foreign trade zone can reflect deferent air traffic growth. Thus, Richard et al. [38] used 

economy development data from 30 countries to build models which estimate the 

relationship between GDP and passenger volume under different development scenarios. 

In the end, he used the models to forecast the passenger volume and traffic volume of 

Kyrgyz Republic in alternative scenarios. Various prediction methods about tourists in 

Hong Kong from long-haul flights were compared by Lee [39]. The forecasting models 

include Error Correction Models based on Permanent Income-Life Cycle hypothesis and 

Ordinary Least Square approach, and co-integration approach. Time series models 

including no change model and autoregressive integrated moving average model are 

utilized to make the comparisons for accuracy level of above mentioned forecasting models. 
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The results show that error correction models had better accuracy than any other approaches 

based on the calculation of mean absolute error and root mean square error.  

Grosche [40] made airline passenger volume forecasting based on gravity models. All 

the models treated geo-economic variables as independent factors. The models can be 

deployed to forecast the passenger volumes between city pairs when service data is not 

accessible or no air service is established. The author finally used Europe city pair data to 

validate this model. Profillidis [41] used econometric models and fuzzy linear regression 

models to forecast the demand of Rhodes Airport with satisfactory prediction results. The 

author analyzed the relations between air traffic growth and the GDP. The fuzzy model can 

use the probability distribution to deal with uncertainties and unknown knowledge. The 

ambiguity between the estimated value and the historical data transfers to the fuzzy 

coefficients which can be used to give an accurate forecast [42]. Orhan [43] deployed semi-

logarithmic regression model to estimate the domestic passenger demand by city pairs in 

Turkey. The model is built based on passenger data from 42 cities in Turkey in 2011. ANN 

was used to improve the forecasting performance due to the fact that it is good at non-

linearity and can deal with correlated independent variables. He also summarized the 

common types of variables for the forecasting of air traffic are population, GDP, distance, 

travel time, GDP per capita, price, service frequency, consumer price index (CPI), import 

volume, employment, exchange rate, cost, expenditures and fuel price. In the middle 

income countries [44], income elasticity is the top determinant. Government policy such as 

Seamlessly ASEAN Sky [45] or Open Sky agreement [46] in the EU had positive effect on 

the passenger demand. Budget airlines had positive yet marginal effect on the passenger 
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growth due to the low budget airline penetration rate in the survey countries. Overall, the 

determinants for the passenger volume varied for deferent countries, depending on 

development strategy and current situations.  

Forecasting can be used for the future expansion and planning of airport in order to 

cater increasing number of passengers. Forecasting of the air traffic can also help to 

examine the current route structure and drive for upgrade of airspace structure. Otherwise, 

traffic congestion and lack of infrastructure may hinder the development of aviation 

industry. Fernandez [47] found that current models used to evaluate and plan airport 

infrastructure to meet passenger demand were not appropriate for Brazilian real situation. 

He established a model based on Date Envelopment Analysis which successfully assessed 

domestic airport service provision and generated useful forecasting for the airport future 

enlargement plan. The airport group should do forecasting on a regular basis to keep track 

of the trend of aviation industry both home and abroad. Forecasting can help airliner to 

evaluate and adjust strategies dynamically [48]. 

Society chaos caused by infectious disease, strike, financial crisis and terrorism can 

cause shocks to economy and air traffic industry. For example, the impact of the events of 

911 [49] on the aviation industry was examined based on the theory on the industry shocks 

on firms [50]. This terrorism activity caused the development of aviation industry to drop 

significantly worldwide. Moreover, airline alliances and trade linkages can cause the 

shocks to transmit internationally. The shocks can result in the passenger volume and traffic 

volume to change significantly. As a result, a separate variable should be established to 

represent the presence of shocks [51].   



 

37 
 

Fildes invented several methods to do the errors measurement of the forecasting model 

[52]. The models which the author conducted the unconditional forecast comparisons are 

time-varying parameter models, naïve models, vector autoregressive model and 

autoregressive distributed lag (ADL) models. The author found that the pooled ADL 

models that contained the world trade variable outperform other methods. The difference 

in accuracy can be substantial based on the error measure. In this thesis, the author used the 

pooled ADL models to examine the errors generated by the air traffic forecasting methods. 

 There are two major deep learning neural networks. One is recurrent neural network 

(RNN). RNN is commonly used for natural language processing (NLP) [53] and time series 

forecasting [54].The input and output length can be arbitrary in RNN. In the case of RNN, 

the output in the previous time step needs to be fed into hidden layers in the current time 

step. Moreover, the memory increases during the training process of RNN [55]. RNN is 

suitable for recognizing patterns over time. The other neural network (NN) is convolutional 

neural network (CNN) [56]. CNN is feed-forward neural network which is composed of 

multilayers of perceptrons with fixed-length inputs and outputs [57]. CNN is often 

deployed for image and video processing and classification [58]. CNN is used to study 

patterns over different parts of images [59]. It can start with recognizing simple patterns 

such as line and curve. Then, it can be used to recognize bigger structures by combining 

simple patterns. For example, CNN is popular for object recognition and face recognition 

[60]. We can see the comparison [61] of the two neural networks in Figure 2.1.3.  
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Figure 2.1.3 Comparison of RNN and CNN 

 

The literature review above indicates that there are a lot of studies conducted to forecast 

the air traffic demand all over the world. However, few econometric models were built to 

forecast the trend of aviation industry in the ASEAN region, especially in Singapore. In 

this research, the author examines economic factors and builds regression model to do 

projection of the air traffic volume and passenger volume in Singapore FIR. The author 

takes multiple economic variables into consideration for the nonlinear forecasting. As a 

result, recurrent neural networks are the most suitable algorithms for multivariate time 

series prediction. In this thesis, RNN is deployed to build forecasting model for the air 

passenger volume in Changi Airport. After that, the forecasting model was back-propagated 

and validated by the error measurement method such as root-mean-square error (RMSE) or 

R-squared.  

2.2 Free route airspace  

Currently, all airplanes follow the discrete ICAO waypoints and route structure which 

are similar to the road and expressway on the ground. The Singapore FIR (flight 

information region) route structure can be seen in Figure 2.3.1. The black line represents 

one way route, while the blue line represents the two-way express route. The intersection 

of the route is waypoints. Each waypoint has a unique ICAO code, which is usually a five 
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letter word. As the number of aircraft in the airspace increases, the route would be more 

crowded and congested which can limit the development of the aviation industry. The 

utilization ratio of the airspace is very low in this scenario. Free route concept was first 

introduced by EUROCONTROL in 2008 [62]. The flight can plan and fly freely between 

the entry point and exit point without following the ATC rules [63]. Under the free flight 

scenarios, pilots can have more freedom maneuvering the aircraft. Free Route Experimental 

Encounter Resolution (FREER) project was conducted to examine the feasibility of the free 

route concept in the EUROCONTROL Experimental Centre [64]. The free route is at the 

cruising flight level but the aircraft is still under the control of Air Traffic Controllers. Free 

flight can increase airspace safety especially during adverse weather conditions or 

congested airspace [65]. Weather information by the ground station is not the real time 

information. However, pilots can get the real time environment data by the onboard 

instruments. Based on the information provided, the pilots can make the decision to 

maneuvering the aircraft to the destination in a safe way. Last but not least, free flight can 

also reduce the workload of the air traffic controllers (ATCs).  
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Figure 2.2.1 Discrete current route structure [Skyvector Aeronautical Charts (2017)] 

 

Free route structure is already partially implemented in Europe airspace. Free Route 

also would be the future trend to other FIRs and would be implemented slowly around the 

world in the next 20 years. After the implementation of the Free Route Airspace, the 

conflict would occur as all the aircraft would firstly plan the most efficient and shortest 

path. Experiments were conducted to predict human performance when free route and self-

separating were fully or partially implemented in the airspace [66]. A human performance 

model was established to simulate and predict the interaction of the flight crew and air 

traffic controllers. The results showed that the interaction of air and ground performance 

increased significantly and the level of workload of air traffic controllers decreased.   

In Asian region, the free route concept has not yet been implemented to tackle the 

increasing number of air traffic. However, some ASEAN countries had already 

implemented other short term methods which were useful to increase the efficiency of the 

airspace and lower the workload of the air traffic controllers. For example, Vietnam added 
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waypoints to change its current route structure near the Hanoi FIR in order to reduce burden 

of the increasingly congested airspace. Cambodia planned to separate its FIR into two 

separate airspaces to decrease the workload of ATCs as the tourism industry in Cambodia 

boomed in recent years and more flights enter the Cambodia FIR. Hong Kong designed a 

multi-layer queuing pattern for the arrival aircraft to avoid conflict and ensure a smooth 

landing on the Hong Kong International airport. However, these methods can only work 

temporarily and might not be useful when the traffic volume triples in 2030 in ASEAN 

region. In this research, the author would simulate the implementation of free flight in some 

of the ASEAN countries such as the Philippines. Besides this, free route structure must be 

accompanied by a proper 3D multi-agent path planning algorithm to help to solve the 

conflicts and save energy consumption. The benefits of Free Route implementation in 

ASEAN region are also shown in this research.  

The main differences between current route structure and free route structure are 

demonstrated in Figure 2.2.2. In free flight scenario, the radar track of the cruising phase is 

a straight line, which means that the aircraft travels in a straight line between the entry point 

and exit point in the airspace. Aircraft is no longer under the ATS rules in free flight airspace. 

While the actual radar track by current route structure is in a pulse form, which means that 

the aircraft travels in segments by following the ICAO waypoints. In current airspace 

structure, the cruising period is under ATS rules. Obviously, free route airspace can save 

more energy consumption and travelling time.  
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Figure 2.2.2 Actual track versus free flight 
 

Figure 2.2.3 shows the structure of the next generation ATM [62]. The free route 

airspace is implemented in the highest flight level during flight cruising. The TMA and 

SIDs/STARs are still under the control of air traffic controllers. Multi-aircraft need 3D 

multi-agent path planning algorithm to achieve autonomous flight operation in the free 

flight airspace [64].  

 

 

Figure 2.2.3 Free route airspace [Kraus et al. Czech Technological University in Prague 

11 (5) (2011) 129-135] 
 

Some aircraft might fly on the same route in the Free Route phase. Russel [67] did an 

estimation to the conflict probability of the free route scenario. He found that the conflict 
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probability can be accurately and efficiently estimated based on the predicted trajectory and 

levels of uncertainty. The author combined two aircraft error covariances into an equivalent 

covariance of relative position. After that, coordinate transformation is used to solve the 

conflict problem. Based on this research, a multi-agent path planning algorithm could be 

designed to advise the multiple airplanes to find the optimal path autonomously and resolve 

conflict without involving the effort of ATCs.   

2.3 Visual conspicuity 

Andrew et al. proposed an approach to calculate the visibility of aircraft images by 

human observation easily and accurately [68]. The threshold range from the experiment is 

compared with the values calculated by Spatial Standard Observer model [69, 70]. Results 

demonstrate that the visibility goes up with the increase of contrast. In some situations, the 

field tests are impossible to conduct. SSO is capable of calculating visibility range in these 

situations.     

There are multiple limitations in this approach. Firstly, patterned backgrounds are not 

studied here. Secondly, the experiments are only designed to measure the visibility of image 

only.   

Alexander et al. introduced a few easy and quick methods to quantify the visual 

conspicuity [71]. Visual conspicuity measured from the left and right nearly produced the 

same results, as shown in Figure 2.5.1. The conspicuity measure agrees with the field tests. 

The matching results can be seen in Figure 2.5.2. Less manpower is deployed to conduct 

the experiments. Psychophysical visual search tasks are performed in front of the screen. 
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The subjects need to find the target military vehicles in the complex environment images. 

Mean search time is recorded and visual conspicuity is calculated by the distance between 

detection point and the target. In conclusion, the relation between the visual conspicuity 

and the mean search time can be established. Figure 2.5.3 and Figure 2.5.4 show the linear 

relation between mean search time and logarithmic values of visual conspicuity. Moreover, 

the measured conspicuity during the experiments complies with the results from the field. 

It can illustrate how human will perform the visual detection in the real military 

environment. As a result, the measurement results can be used to enhance the visual 

distinctness of the information on the display [72]. For example, traffic sign placement and 

design can be improved based on the visual simulation and conspicuity measurement in the 

lab environment [73]. The author also found that observing distance is inversely 

proportional to the visual conspicuity. The limitations of this research are that it is time-

consuming and complex to measure the conspicuity.  

 

 

Figure 2.3.1 Detection conspicuity area from the left and the right, r=0.95 and 0.97, 

respectively [Toet et al. Optical Engineering 7 (37) (1998) 1969-1975] 
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Figure 2.3.2 Detection conspicuity area in the field vs in the lab [Toet et al. Optical 

Engineering 7 (37) (1998) 1969-1975] 
 

 

Figure 2.3.3 Detection conspicuity vs mean search time [Toet et al. Optical 

Engineering 7 (37) (1998) 1969-1975] 
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Figure 2.3.4 Identification conspicuity vs mean search time [Toet et al. Optical 

Engineering 7 (37) (1998) 1969-1975] 
 

Bok and Zhong conducted experiments with human observers using computer 

simulations to measure the visual conspicuity. Experiments were conducted using Target 

Conspicuity Method to obtain a mathematical model, termed the Detection Radius Index 

(DRI) [74]. DRI is a function of Object Size (Image size), Lightness/Chromatic difference 

under CIELab color space, and the contrast of the UAV with respect to the sky. DRI is 

proposed to quantify the visual signature of an aircraft to a ground observer.  

From the experiment simulations and results, they derived a mathematical model to 

quantify an aircraft’s visibility to ground observer, as can be seen in Equation (2.1). The 

lower the Detection Radius Index, the more difficult the aircraft can be spotted [74].  

  
0.5

' 0.3P
DRI K L

h

 
   

 
 (2.1) 

For this simulation, Coefficient 'K value of the aircraft modeled with SolidWorks is 

245.1.   

However, the actual visibility of the aircraft might be different from the simulation due 
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to the infinite condition of the sky, cloud clusters, and the ground observers. In this research, 

hue is not taken into account. However, in reality, the human eyes are very sensitive to hue 

difference. Therefore, in order to decrease the conspicuity of the aircraft, aircraft hue should 

match one of the skies. Any significance difference in hue will increase the Detection 

Radius Index of the UAV significantly.   

The limitation of this approach is that the observer number for detection radius 

determination is only two. More objects are needed to make the experiment results more 

reliable.    

Numerous visual conspicuity researches have been done so far. For example, 

Alexander used the graphic slide of the scene photos with military vehicles for the subject 

to undertake measurement of visual conspicuity in lab condition [71]. Visual conspicuity is 

defined by the peripheral area between the object and the observer eye fixation where the 

object is being distinguished at the first time by the observer. The visual conspicuity tests 

were conducted by two authors and the visual search performance tests were done by 64 

subjects. The results demonstrate that mean search time has a linear relation with the 

logarithmic values of visual conspicuity. Besides, the results illustrate that target visual 

conspicuity lab tests agree with the field tests.  

Bok [75] used the projector with the plane model to quantify the visibility of the 

subjects. He used Analysis of Variance (ANOVA) methods to control the visual parameters 

of the plane model and background so that the effects of different parameters on the visual 

conspicuity can be extracted. Then based on the results the author established a 

mathematical model for the Detection Radius as a function of target size, lightness, and 
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chromaticity.  

The relation between the cumulative probability of target discovery and the relevant 

visual conspicuity area has been experimentally revealed. Visual conspicuity area stands 

for the visual field area where the object is firstly detected after a single eye fixation. Based 

on the experiment, Engel [76] found non-targets can be discovered spontaneously during 

the experiment and is proportional to corresponding  conspicuity area. However, an 

instruction to the subjects on prohibiting the non-targets fixation can lead to a reduction of 

the effective size of the conspicuity area.  

Engel also found that eye fluctuations may happen in the target spotted direction during 

the conspicuity experiment. Spontaneous appearance of eye fluctuation is related to visual 

conspicuity area and target eccentricity. His research results illustrate the importance of 

visual conspicuity area in visual target detection.  

Furthermore, in 1974, Engel conducted experiments on the influence of background 

factor on the visual conspicuity. He used a white disk as a target and used disks with 

adjustable luminance and diameters as the background influence [77]. Finally, Engel got 

the mathematical model for the relationship between conspicuity luminance and 

conspicuity area. To be more specific, the curve ascends at first as the luminance values 

increase but at some point, the curve becomes flat and finally drops to a lower conspicuity 

value. Besides this, another graph which describes the relationship between test disk 

diameter and conspicuity area based on the experiment results demonstrates that the 

conspicuity radius decreases with the increase of the test disk diameters because the test 

disk diameter will approach the target diameter to make the detection of the target harder. 
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However, when the disk diameters become larger than the target, the conspicuity will grow 

more as the diameter contrast goes up.   

Andrew et al. [68] proposed Spatial Standard Observer (SSO) method to easily 

calculate the visibility threshold range for many conditions. Then the author compared the 

measurement results of the visibility of aircraft image predicted by SSO with the results 

obtained by human observers in order to increase the calculation accuracy. However, the 

limitations are: firstly, the measurement and prediction of the aircraft visibility are based 

on patterned backgrounds; secondly, the author only analyzed and predicted thresholds for 

photopic vision only. The results show that SSO can calculate over any distribution of 

desired parameters. It can do the calculation without the effort and expense of field tests.  

In the investigation, Chen [78] found the color effect on visual search tasks among 

other pre-attentive factors. In this study, they conducted four laboratory experiments in 

order to find the relationships between color and efficiency of visual search. The four tests 

consist of the color highlighting test, feature integration theory test, color similarity test and 

foreground/background color combination test. The results of this experiment indicate that 

color can be used as an attention stimulus to promote visual search performance.  

Based on this literature review, the author found that a lot of research has been done to 

study the visual conspicuity but few have linked the visual conspicuity study to the 

visibility of the commercial aircraft for air traffic controller near the airport vicinity. The 

aim of this research is to establish a mathematical model to define the relation between the 

visual parameter and the visual conspicuity. The parameters include chromaticity, lightness, 

object size (distance), contrast, sunlight, and observing angle. Moreover, the relation 
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between search time and visual conspicuity is also demonstrated in this study.  

2.4 ADS-B and 3D multi-aviation path planning 

There are many algorithms about 3D path planning about UAV. However, very few 

studies have been conducted about the path planning of commercial aircraft in the free route 

airspace. Currently, westbound aircraft is usually flying at even number of flight level, for 

example flight level 36 (thousand feet). Eastbound aircraft is usually flying at odd number 

of flight level [79]. The vertical en route separation is 1000 feet and horizontal separation 

is 5 nautical miles [80]. In case of potential collision, several avoidance system, such as 

traffic collision avoidance system (TCAS) [81], obstacle collision avoidance system, 

ground proximity warning system (GPWS) [82], FLARM [83], are used to warn the pilots 

of collision and suggest maneuver to avoid the collision.   

Automatic dependent surveillance - broadcast (ADS-B) [84, 85] is the next generation 

surveillance technology which is expected to replace secondary surveillance radar as the 

primary surveillance method. The ADS-B is the fundamental element of Single European 

Sky ATM Research (SESAR) and Next Generation Air Transportation System in the USA 

[86, 87]. ADS-B can broadcast aircraft position and velocity to ATCs and other aircraft 

equipped with ADS-B every second [88]. Moreover, it can also provide real time weather 

condition which is more reliable and detailed. By implementing ADS-B to every airspace 

user, every user would share its position, altitude, heading and velocity to other users. ADS-

B contributes the air traffic industry towards the Internet of Things (IoT) which is the future 

trend. As a result, ADS-B technology and free route airspace structure can change the 
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complex aviation route planning problem to a 3D multi-agent path planning problem.   

The advantages of implementing ADS-B technology include shortening aircraft 

separation, improving traffic flow near airport, contributing to implantation of free route 

airspace and enhancing safety operation during adverse weather conditions [89].  

Most of the current research about the 3D path planning algorithm focus on aerial 

autonomous vehicle (UAV). However, the flight dynamics and separation rule of the fix-

wing aircraft is different from UAV. The control algorithm and path planning algorithm of 

airplane are thus diverse from the method proposed for UAV. In this research, the author 

proposed a novel 3D path planning method designed for high level fix-wing aircraft in free 

route airspace.  

There are many 3D path planning algorithms [90], including sampling based algorithm 

for instance rapidly exploring random tree (RRT) [91] and Probabilistic Road MAP (PRM) 

[92], node based algorithm such as A* search algorithm [8] and Dijkstra Algorithm [93], 

bioinspired algorithm such as Genetic Algorithm (GA) [94] Ant Colony Optimization 

(ACO) [95] and Particle Swarm Optimization (PSO) [96], mathematical model based 

algorithm and visibility map algorithm by linking vertexes of polyhedron [97].  

These algorithms both have their advantages and disadvantages. Specifically, node 

based algorithm such as A* search algorithm and D* algorithm are very easy to implement 

online and are very fast to perform searching for optimal path but the disadvantages are 

non-smooth path and static obstacles only [97]. Moreover, node based path planning 

algorithm can only deal with single subject path planning problem and it is not suitable for 

multi-agent path planning. Bio-inspired algorithms are inspired by natural process. The 
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algorithms have specific optimization models and rules. Moreover, the path planning 

performance is decided by the quality of the model establishment and iteration rules [98]. 

To be more specific, GA is able to solve non-deterministic polynomial-time hardness 

problems and multi-agent path planning problems by preproduction, mutation, 

recombination and selection process [99]. However, GA is time-consuming and has 

premature convergence.  

Eberhart and Kennedy [100] first introduced particle swarm optimization method in 

year of 1995. PSO technique is stochastic optimization inspired by animal society behavior. 

Specifically, social behavior of bird flocking is the origin of particle swarm optimization. 

Particle swarm optimization (PSO) algorithm [101] is based on social psychological 

interactions. The random particles are initialized in the search space of the high dimensional 

Cartesian coordinate system and move around to get the parameter values [96]. Finally, all 

particles gather around the optimal points. The particles interact with other neighbor 

particles about the best values so far similar to the social-psychological interaction of 

humans [102]. As a result, the particle starts to emulate the success of its neighbor. The 

population starts to gather around the optimal regions. PSO is initialized with random 

particles. Each particle has an initial position and best known position. After that, the 

particles start to interact and search for the optima. At each iteration, PSO keeps updating 

the local best solution and global best solution in the population. Finally, iterations stop 

when the termination condition is met [103]. Bonabeau et al. [104] found local interactions 

of initially disordered self-organization system can form global order. The three features of 

self-organization system in swarms are dynamic nonlinearity, balance of exploration and 
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exploitation and multiple interactions.  

For the PSO algorithm, it can only deal with small number of agents but can calculate 

the optimal path faster than the GA algorithm [105]. However, it also has premature 

convergence and time complexity problem. When it comes to ACO algorithm, it is also 

very time consuming but it can perform continuous multi-agent path planning problem 

[106]. For sampling based algorithm, RRT method can only deal with single object path 

planning problem and static obstacles and the path is not optimal [107-110]. PRM method 

is suitable for re-planning problem as the method can be used in complex environment but 

the disadvantages are non-optimal path and excessive collision check [111-114]. Lastly, 

mathematical algorithm is used by building mathematical model of the environment with 

constraints. The good merit of mathematical algorithm is that it contains a complete 

representation of the environment but disadvantage is that the computation time would hike 

if the environment becomes more complex [115-117].  

Many researchers combined different algorithms and formed multi-fusion algorithm 

which performed better than individual algorithm [118-120]. For example, combination of 

mathematical algorithm with evolutional algorithm (EA) [121] can solve the NP-hard 

problem while overcoming premature convergence of EA. Others combined node based 

path planning algorithm with sampling based algorithm for 3D path planning [120]. There 

are two ways to combine algorithms, that is to say, separately or simultaneously [90].  

 Arikan [122] designed an efficient algorithm for multi-agent path planning problems 

in virtual environment. The author utilized view motion method to reduce the simulation 

time consumed. The author found out that proxy simulation is especially important when 
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the accurate simulation cannot handle so much number of agents. Stephen [123] presented 

a real-time collision avoidance algorithm based on quadratic optimization. The author 

designed a parallel computation for each agent based on thread level. The results show that 

the algorithm can handle complex obstacle avoidance problem of up to several hundred 

agents. When compared to previous collision avoidance algorithm, this algorithm can 

generate the results with less computation time. Overall, the algorithm is suitable for real-

time collision avoidance for complex multi-agent scenarios. Multi-aircraft collision 

avoidance had been realized by velocity planning and trajectory prediction in uncertain 

environment [124]. The minimum separation is guaranteed by the particle filer. Xie et al. 

developed efficient route structure based on multi-agent path planning algorithm [125]. He 

deployed particle swarm optimization algorithm for multi-aircraft to avoid dangers and find 

the optimal path. Separation of two aircraft can be achieved by adjusting the flight levels 

or changing of headings or both.  

4-D trajectory of an aircraft consists of three dimensional trajectory and time as the 

fourth dimension [126]. 4-D trajectory management requires the air traffic controllers to 

constrain the time of aircraft arrivals to a merging point [127] in order to make the air traffic 

flow smooth. 4-D trajectory management is first introduced by Single European Sky Air 

Traffic Management Research Project (SESAR) for future air traffic management [128]. 

Kostas et al. proposed a novel air traffic control method based on Target Windows and 

Monte Carlo methods [129]. Constraints are set at some parts of the aircraft to enhance 

ATM safety and efficiency. After the dynamic model of the aircraft is established, a 

reachability method used to characterize the maneuvering bounds under the target windows 
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(TWs). Constraints are tested and improved by Monte Carlo simulation. The solution to the 

conflict is to use artificial TWs placed in the reach-avoid tubes which can help the air traffic 

control makes the decision to reroute the trajectory based on the reachability calculation. 

The limitation of the method is that it does not consider the potential conflicts induced by 

the solution. The deviation from the original optimal path should be minimum when no 

obstacle is present. When there is possibility of collision, the aircraft should adjust the flight 

parameters dynamically in order to separate the two aircraft whose trajectories are predicted 

to intersect [130]. Avoiding collision can cause flight inefficiency. Flight inefficiency [131, 

132] means the aircraft fails to take on the optimal trajectories due to several potential 

causes. The optimal route here means the route with fewer greenhouse gas emissions and 

fewer operation costs for the airline. There is also a tradeoff between the environment 

impact and less fuel burn. Flight inefficiency consists of arrival inefficiency, en route 

inefficiency and departure inefficiency. Planning inefficiency is caused by fuel load and 

aircraft equipment selection and en route inefficiency is caused by restricted airspace 

avoidance and adverse weather avoidance [133]. At last, arrival fix [134] and traffic 

congestion can lead to arrival inefficiency. John et al. proposed methods for trajectory-

based operation by Trajectory Prediction Function [135]. This trajectory prediction 

function is capable of predicting the 4D flight path quickly based on Flight Management 

System. This model is based on fast time simulation. The results show that this trajectory 

prediction function can significantly save the energy costs and reduce the workloads of the 

pilots. However, the limitation is that this method has a negative impact on the energy state 

and it can cause mode transition confusion. Alejo et al. [124] proposed a method to find 
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the safe trajectory by modifying the velocity profile of the cooperative vehicles involving 

in the collision. Moreover, a particle filter is used to deal with the uncertainties coming 

from the atmosphere, aircraft model and the sensor on board the aircraft. Gary [136] 

developed a path planning model integrated with swarm behavior which means the system 

must combine architecture for path planning, vehicle routing, and swarm behavior. The 

system consists of a parallel, multi-objective evolutionary algorithm-based terrain 

following parallel path planner and an evolutionary algorithm based vehicle router.  

Andrea et al. proposed a realistic stochastic hybrid approach for aircraft conflict 

resolution based on Markov Chain Monte Carlo (MCMC) [137]. The MCMC method is 

more suitable than other methods because separation problems have a high level of 

complexity of aircraft positions. The disadvantage is that the computational time is 

relatively high when comparing with other methods. The separation problems are actually 

optimization problems with probabilistic constraints like separation and other factors. The 

aim is to find the most efficient maneuver with high probability while satisfying the safety 

standards. Finally, the approach is examined in the simulation with some real ATC 

problems, like final approach maneuvering. The conflict resolution performance is very 

promising and accurate[138].  

It is well known that Monte Carlo methods are for stochastic problems where the 

random variables can be approached by the empirical mean of independent samples. 

Moreover, the accuracy increases as the sample number goes up. Markov Chain Monte 

Carlo is very effective for the situation when the probability distribution is hard to interpret 

and can be only evaluated through estimation.  
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The basic mathematics behind the Monte Carlo can be seen in Equation (2.2) [139].   

 ( | ) ( | , ) ( | )p x D P x D P D d      (2.2) 

In Equation (2.2), ( )p x  represents target distribution.  

MCMC Estimator produces correlated samples. The Markov step is shown in Equation 

(2.3). The estimator is described in Equation (2.4) [140]. 
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The author uses the Markov Chain Monte Carlo to estimate the weighted values of 

each entry. Each entry represents a path with the obstacle avoidance. It means that the 

surface vehicle should keep a safety distance with any obstacles. In this simulation, the 

safety distance is 2 meters from the center of the surface vehicle to the center of the 

obstacles. The obstacles can be inputted into the system as disturbances to the movements. 

Moreover, the safety distance between the vehicle and the obstacles must be satisfied. The 

optimal route must be the one with the least traveling time but also the one which satisfies 

the safety conditions.   

Timothy [141] presents a strategy for achieving cooperative timing among teams of 

vehicles with three types of time constraints, namely, simultaneous arrival, tight sequencing, 

and loose sequencing.  

Cobano [142] deploys particle filter to predict the UAV trajectory taking account of the 

uncertainties as well. Most importantly, he developed a waypoint generation module to 
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compute the intermediate waypoints so that it can meet the safety requirement and complete 

the mission. Moreover, the author conducted an experiment to validate his method in the 

airfield of Bollullos.    

Minguez [143] addresses reactive navigation method which can simplify the dense, 

complex and cluttered environments. Nearness diagram navigation is introduced by the 

author as a result of geometry-based implementation. The method can make the robot easily 

move in the troublesome scenarios, while other methods have problems in navigating. 

Experiments are also conducted to validate his research. 

Reif [144] developed a unique method based on simulation of a turning machine which 

uses the time to encode configuration. Reif also gets positive results by using polynomial 

time algorithms and log n-space algorithms for the 2-D asteroid avoidance problem with a 

bounded number of obstacles and 3-D asteroid avoidance problem with an unbounded 

number of obstacles, respectively.  

Nicholas [145] demonstrated a technique to generate trajectory in order reduce the 

likelihood for the robot to get lost and it can analyze the density of people as well as 

environmental information. In conclusion, the method was successfully implemented by 

mobile robot Minerva in the Smithsonian National Museum of American History.    

Robert [146] proposed a mission adjustable path planner in the battlefield environment 

unlike the usual route planning algorithm generating path based on a predefined cost 

function. This method takes into account various constraints including maximum path 

length, maximum turning angle, the distance between turns, goal approach vector, etc. As 

a result, this method turned out to be very efficient for real-time battlefield path planning 
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application.  

Zheng [147] proposed a novel real-time route planner based on an evolutionary 

computation for the unmanned aerial vehicles. In his method, the individual UAV is 

evaluated in the workspace instead of configuration space. Moreover, it can cope with 

dynamic environment conditions with mission constraints, including minimum route length, 

flying attitude, maximum turning angle and fixed approach vector to the goal position. 

Moreover, this method is not only suitable for a single vehicle, but also suitable for multiple 

cooperative vehicles. Successful application has been applied to vehicles surviving 

capability using terrain masking effect.    

There are few research on the multi-agent path planning for the commercial aircraft in 

the context of free route airspace. As internet of things (IoTs) and free route airspace are 

the future trends for the air traffic industry, multi-agent path planning methods specially 

designed for commercial aircraft are extremely important and necessary.   

In conclusion, our work will increase the accuracy and adaptability of planning and 

control of the unmanned vehicle. It will increase the autonomy which can reduce 

communication frequency, bandwidth and human interference required in the unpredictable 

environment [148]. The performance can go beyond human tactic operation capabilities.  
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CHAPTER 3  

CHANGI AIRPORT PASSENGER VOLUME 

FORECASTING BASED ON A DEEP LEARNING 

MULTIVARIATE RECURRENT NEURAL NETWORK TIME 

SERIES PREDICTION 

3.1 Introduction 

The passenger volume forecasting and air traffic forecasting are the driven force for 

the air traffic management to involve and reform, as the future traffic demand is expected 

to escalate rapidly. Single European Sky concept was first introduced in 2000 as an 

initiative to break boundaries, revise laws and regulation which may prevent the 

development of air traffic volume [149]. The aim is to utilize the European airspace more 

efficiently and safely [150]. The future sectorisation trend will be mainly free route and 

multi-option route. As a consequence, an accurate forecasting can help design better 

airspace structure and air traffic flow management. Take ASEAN as an example, seamless 

ASEAN sky [151, 152] was introduced to increase airspace efficiency and capacity. 

ASEAN countries now work towards ATM modernization and harmonization in the region 

[153]. The forecasting is useful for the government and the airport to make annual plans. 

Forecasting results can also test current airspace structure and capacity.    

Airport passenger volume forecasts could be assorted into three groups: short-term 

forecasts, medium-term forecasts, and long-term forecasts [154]. Short-term forecasts that 
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mean forecasts for less than 3 years demonstrate strong seasonal and cyclic characteristics 

while long-term forecast has a forecasting range of 10 to 20 years. Long-term forecasts are 

useful for airport strategic plans such as the expansion of a new terminal and a new runway. 

Here, the author focuses on the medium-term forecasts with 3 years to 10 years forecasting 

range which is useful for aviation annual plans [155].  

In the real world, systems or environment is always complex and non-linear especially 

under adverse weather condition [156]. Algorithms which can deal with uncertainties and 

complexity can be applied to the real situation [157].  

The author uses a recurrent neural network to forecast the passenger volume at Changi 

Airport because neural networks can deal with nonlinear and complex systems. Modern 

airport passenger volumes are related to multiple factors including GDP, population, jet 

fuel price, airfare, passenger preference, airport location and other transportation 

alternatives. In addition, the author could also consider the seasonal factors because 

weather and holiday time also may influence the traveler volume. Airport passengers can 

be divided into transit passengers, arriving passengers and departure passengers. The 

relation between the passenger volume and factors is non-linear and forecast accuracy of 

neural networks is promising. Regression models are suitable for time series prediction. 

Recurrent neural network is a regression model because it keeps feeding the output to the 

input of next time iteration and it is suitable for forecasting situations in this study.   
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3.2 Recurrent Neural Networks- Long Short-term Memory 

Network 

Air traffic forecasting and airport passenger forecasting are very useful in airport 

development because they predict the passenger demand in the future.  

The difference between neural networks and recurrent neural networks (RNNs) is that 

RNNs have sequential inputs and outputs. It can be seen in Figure 3.2.1 that the output for 

Ot is also the input for the next time step t+1. Equation (3.1) shows the output Ot at time 

step t is a function of input Xt-1 and output Ot-1 at time step t-1. St is the hidden state at time 

step t. U, V and W are the parameter matrices and vectors [158].   

 

 

Figure 3.2.1 Recurrent Neural Network 

 

 

       1tanh( )t t tO wO ux                       (3.1) 

tx : The input at time step t.   

to : The output at time step t.  

ts: The hidden state at time step t. 

, ,U V W : Parameter matrices and vectors.  

 

The author first chooses and evaluates the factors which have effects on the passenger 
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volume. These factors are GDP, population, sudden incidents, WTI jet fuel and 

unemployment rate in Singapore. The author will investigate these factors in detail in the 

following sections. Then, the author use inputs data to train the recurrent neural network in 

order to get the accuracy and adaptability needed for the passenger volume forecasting. The 

training method is the Levenberg-Marquardt training method. The weights and bias are 

calculated by backpropagation method and the author uses the mean squared error to assess 

the performance. Finally, the author uses the trained recurrent neural network to produce 

the forecasting for the passenger volume.  

3.2.1 Advantages and disadvantages of RNN  

Advantages of forecasting based on LSTM Recurrent Neural Networks include the 

following: 

 Forecasting based on recurrent neural networks generates accurate forecasting 

results and can be implemented easily.   

 Time series regression RNN model is very suitable for forecasting problems 

with multiple inputs.  

 Recurrent neural networks are suitable for complex and non-linear situations 

where many factors involve.  

 Recurrent neural networks are efficient to be used for air traffic forecasting and 

air passenger forecasting where data dimension is bigger than 3.  .  

 The forecasting results based on recurrent neural network produce high R-value 

and accuracy rate.  
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 RNN has self-teaching capability and requires no decision-making by human 

controller.  

Limitations of forecasting based on LSTM recurrent neural networks are enumerated 

as follows: 

 Training and validating model takes time and the process is computationally 

expensive.  

 The accuracy of the RNN model increases with larger amount of the training 

data.  

 Intermediate results are very hard to be intercepted from RNN.     

 Layer setup and neuron amount affect the forecasting results. It is relatively 

hard to finalize and control RNNs to increase forecasting accuracy.  

Overall, recurrent neural networks are fit for the complex time series air passenger 

forecasting. The advantages outweigh the disadvantages. Forecasting based on recurrent 

neural networks performs better than other forecasting methods. 

3.2.2 Data source  

The data used in this study is from various reliable sources. The GDP of Singapore is 

from publications of Department of Statistics Singapore. The data of income per capita is 

from Worldbank database. The demographic data and economic data are from issues of 

Singapore government development master plan. The aviation oil price historical data is 

from International Air Transport Association (IATA) database. The passenger data in 

Changi airport is taken from database of Civil Aviation Authority of Singapore. In order to 
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get rid of the effect of inflation, the consumer price index at 1988 constant prices was used.     

An attempt is made to study the relationship between variables by using correlation 

matrix so as to formulate or specify a model with which the economic phenomena can be 

explored empirically. 

3.2.3 Gross Domestic Product  

The GDP is a main factor for the passenger volume forecast. Citizens can have more 

spare money with the increase of GDP. Citizens will spend their spare money on vacations 

or visit friends or relatives by airplane. A higher GDP has a positive effect on the overall 

passenger volume at Changi Airport.  

Figure 3.2.2 demonstrates Singapore GDP at market prices historical data from 1960 

to 2014 [159].  

 

 
Figure 3.2.2 GDP at market price 
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3.2.4 Population 

Population serves as the base for economic development. As the population increases, 

the number of traveling passengers will also have an ascending trend. Figure 3.2.3 clearly 

shows the Singapore population curve from 1960 to 2014. The Singapore population slowly 

increase from 1.65 million in 1960 to 5.47 million in 2014 [160].  

 

 
Figure 3.2.3 Total population in Singapore 

 

Most importantly, population together with GDP decides the GDP per capita. As seen 

in Equation (3.2), the GDP per capital is equal to nominal GDP divided by Population [161]. 

The historical GDP per capita is described in Figure 3.2.4. At first, the GDP per capita goes 

up slowly until 1986. After that, it grows rapidly until 1996 when GDP per capita is 

26,263.02 USD. Then it fluctuates until the year 2004. Finally, the curve increases again 

and reaches 56,284.33 USD in 2014. The overall population is an inevitable factor of 

passenger volume forecasting [161].                      
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Figure 3.2.4 GDP per capita 

 

3.2.5 Unemployment rate  

Another important economy variable is unemployment rate. Unemployment rate is an 

indicator of the labor market and purchasing power. Low unemployment rate is a good sign 

of growing and vibrant economy. As a result, more passengers tend to travel by air when 

the unemployment rate is lower. The unemployment rate is inversely related to passenger 

volume. Figure 3.2.5 shows the historical overall unemployment rate in Singapore from 

1976 to 2016. The data is from publications of Singapore Ministry of Manpower [162].  
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Figure 3.2.5 Overall historical unemployment rate in Singapore (%) 
 

3.2.6 Aviation fuel price (WTI)  

There are two benchmarks for aviation fuel. One is Brent crude and the other is West 

Texas Intermediate (WTI). In this thesis, we only consider WTI benchmark. Aviation 

gasoline (Avgas) and jet fuel are the two most common aviation fuel types in the aviation 

industry [163]. The aviation fuel price has huge effect on the cost of airliner operation, and 

thus indirectly impacts on the airline ticket price. The number of air travel passengers would 

decrease if the air tickets cost too much. Overall, the aviation fuel price is another important 

economic variable [164] for the forecasting of passenger volume. We get the historical 

aviation fuel price data from International Air Transport Association (IATA) website. As 

can be seen in Figure 3.2.6, the historical aviation fuel price data is converted to 2014 US 

dollar after considering the inflation effect [165].    
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Figure 3.2.6 Aviation fuel price in 2014 US dollars 

 

3.2.7 Passenger Volume 

As shown in Figure 3.2.7, the passenger volumes include three parts: arrival passengers, 

departure passengers, and transit passengers. The numbers of arrival passengers and 

departure passengers are nearly the same for Changi airport. The two curves both go up 

gradually from 1975 to 2015. From 2015 to 2017, the passenger volume for arrival and 

departure experience a rapid growth. It is clearly seen that there are sudden drops in 1997, 

2004 and 2009. In 1997 and 2009, the passenger volumes clearly go down because of the 

financial crisis at that time. Unemployed people or people with less salaries tend to stay 

home rather than travel abroad. The passenger volume drops in 2004 is probably due to that 

SARS broke out worldwide at that time including Singapore. People avoid traveling or 

going to public places, which led to the significant decrease in passenger volume.  
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Figure 3.2.7 Changi airport passenger numbers                                   
 

 

The number of transit passengers in Singapore increases at a slow pace from 1975 to 

2005. After that, the number drops slowly until 2015. The curve is flat when comparing to 

arrival or departure passenger numbers. The total number of passengers can be found in 

Figure 3.2.8. The author concludes that arrival and departure passengers are the main 

elements of total passengers. The total passenger curve has the same changing trend as the 

arrival and departure passengers.    
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Figure 3.2.8 Changi airport total passengers from 1976 to 2017 

 

3.2.8 External shocks  

There are many kinds of external shocks to the air traffic demand. For example, 911 

terrorist attack [49, 166] causes travelers to avoid taking airplanes. As a result, the air traffic 

demand had a descending trend together with a negative transitory shock. Macroeconomic 

shocks could also affect the air traffic demand such as SARS outbreak (Severe Acute 

Respiratory Syndrome), wars and economy recession [51].  

Dummy variables are often used in time-series analysis to represent the occurrence of 

wars, strike, economy regression etc [167]. Dummy variables represent qualitative facts 

which can only have value 0 as no effect or value 1 as intercept [168].  

In the contemporary society, the author should take into consideration of sudden 

incidents which can cause the passenger volume to drop or go up. These variables can be 
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treated as dummy variables. For instance, terrorist threat, financial crisis, and diseases are 

the most common incidents happening around the world.   

As a result, the incident that infectious virus SARS broke out in 2004 has a negative 

influence on the passenger volume. The author treats it as a dummy variable as can be seen 

in Equation (3.3). For the 1997 and 2009 Asian financial crisis, the author also treats them 

as dummy variables which caused the number of passengers to fall significantly. Last but 

not least, terrorist threat can also cause people to avoid traveling by public transport. Thus 

terrorist threat can lead to a sudden passenger volume drop such as September 11 attack in 

2001.  

 

1 2 3( , , ...)passenger economy economy economy terrorism diseases financial crisisV F X X X D D D           (3.3) 

���������, ���������, ��������� … are the economy variables.  

���������� stands for final passenger volume model which is closer to reality after 

taking consideration of the external shocks.  

F����������, ���������, ��������� … �  is the established passenger volume model 

based on economy variables.  

���������� means the external shock caused by terrorism activities.  

��������� stands for the external shock caused by infectious diseases such as SARS.  

���������������� is the external shock caused by financial crisis.  
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3.2.9 Multivariate recurrent neural network based on Keras 

and Tensorflow 

Recurrent neural networks are the most suitable tools when the time-series 

approximation problems contain a large number of variables. The RNN model is built and 

trained in Tensorflow. Figure 3.2.9 shows the multivariate inputs for the time series 

regression model. After that, the data is normalized to value from 0 to 1 before training. 

The reason is that the output is activated by sigmoid function with value from 0 to 1. 

Normalization works better with RNN in order to generate more sensible results.  

 

 

     Figure 3.2.9 Input variables for RNN in Tensorflow 

 

Equation 3.3 shows the Sigmoid activation function and the two-class probability 

function. In this deep learning RNN problem, the forecasting of total passenger volume in 

Singapore Changi Airport is based on a two-class logistic regression model. As a result, 

Sigmoid function is suitable to activate predicted outputs for two-class logistic regression 

[169]. Equation (3.4) shows the predicted probability of the activation function [170].    
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Figure 3.2.10 shows the graph for the Sigmoid function, we can see from the graph 

that the value of the sigmoid function is from 0 to 1. It works best with normalized inputs.  

  

 

Figure 3.2.10 Sigmoid Function 

 

Two hidden layer can be used to approximate arbitrary smooth mapping to any 

accuracy. While one hidden layer can only be applied to fit continuous mapping from one 

finite space to another [171]. Deep learning multiple-hidden-layer neural networks have 

more adaptability and therefore, the author deploys a recurrent neural network with two 

hidden layers.  

After that, the author decides the number of hidden neurons based on the selection rules 

of neural network. To be more specific, the size of the first hidden neuron layer should be 
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equal to the size of the second hidden neuron layer [172]. In addition, the number of hidden 

neurons should be between the input layer and output layer [173, 174]. Finally the number 

of hidden layer neurons should also be two third of the size of the input layer.  

The first hidden and second hidden layers contain four neurons and two neurons, 

respectively. The input variables are unemployment rate, GDP, jet fuel price and population. 

The author trains the neural network by Levenberg - Marquardt backpropagation algorithm. 

Then, the author uses original data to test and validates the neural network in order to get 

the least Mean Square Errors and a high R-value. The equation to predict the output is 

shown in Equation (3.5) [175]:  

                     .                

 2 1 1 2
1 1

*tanh
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m n n
i j

W I W B B O
 

 
   

 


 
(3.5) 

n stands for the number of neurons in the first hidden layer.  

1nW
 is the weight of the first hidden layer. 

2W
 is the weight of the second hidden layer. 

1nB
 is bias for the first hidden layer.   

2B
 is bias for the second hidden layer.   

mI  is input.  

O  is output.  
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3.3 Comparison with other econometric models  

3.3.1 Comparison of RNN with linear regression 

Figure 3.3.1 demonstrates the fitting curve of the passenger volume by linear 

regression model. The fitting curve cannot represent the growth rate well in specific year. 

The gap between the forecasting volume and the historical data is very big, especially in 

the year when external shocks happen. Linear regression can represent the average increase 

rate of passenger volume but it fails to be used as a forecasting tool. The errors of linear 

regression forecasting are too large.  

 

 

Figure 3.3.1 Comparison with linear regression 
 

Equation (3.6) shows the fitting equation of the passenger volume based on linear 

regression. Moreover, Root Mean Square Error (RMSE) is 4.076×e6 based on evaluation. 

R-square and adjusted R-square are 0.9411 and 0.9396, respectively. Sum of Squared Error 

(SSE) is 6.646×e14. The number e is a mathematical constant, which is approximately equal 

to 2.71828. 
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3.3.2 Comparison of RNN with time-series autoregressive 

model 

Autoregressive model (AR) model specifies that the output has a linear relation with 

the previous output value and an imperfectly predictable term [176]. Figure 3.3.2 shows 

the estimated volume curve by AR model. The estimated graph shows that the AR 

estimation is lagged when the external shocks happen. As a result, the predicted result is 

not as accurate as the predicted results from RNN. Equation (3.7) shows that the output yt 

depends linearly on previous output which is described as a polynomial summation 1  

[177].    

                       1(1 ) t tL y c                         (3.7) 

ty : The output at time step t.  

t : The white noise at time step t.  

C : Constant term.  

L : Lag operator.  

1 :  Polynomial notation.   
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Figure 3.3.2 Estimation based on autoregressive model 

 

Figure 3.3.3 shows the residual plot for the estimation based on AR model. The residue 

increases rapidly when the external shocks suddenly happen. The highest residue is 5.8 × 

106. Akaike Information Criterion (AIC) [178] for the goodness of fit is equal to 1.4853×e3. 

The normalized standard error is 0.5801. The mean square error is 1.477×e8. The number 

e is a mathematical constant, which is approximately equal to 2.71828. 

 

 

 

Figure 3.3.3 Residual plot by AR estimate 
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3.3.3 Comparison of RNN with time series autoregressive 

moving average model 

Autoregressive moving average model (ARMA) consists of autoregressive model and 

moving average model. AR part is used for time-series regression with lag period. Moving 

Average model (MA) is used to model the error term linearly.  

Equation (3.8) shows that the output yt depends linearly on previous output yt-i and the 

moving average θiεt-i based on the ARMA model [179, 180].  

                 
1 1

p q

t t i t i i t i
i i

y c y   
 

                       (3.8) 

ty : The output at time step t.  

t : The white noise at time step t.  

C : Constant term.  

 : Moving average coefficient.   

1 :  Polynomial coefficient.    

 

Figure 3.3.4 shows the fitting results based on ARMA model. The fitting curve is closer 

to the real passenger volume curve than the AR model. However, the lag in the estimation 

is still very obvious.   
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Figure 3.3.4 Estimation based on ARMA model 

 

Figure 3.3.5 demonstrates the residual plot based on ARMA model. The residue 

fluctuates violently after 1998. The highest residue is 4.5 × 106. Akaike Information 

Criterion (AIC) for the goodness of fit is equal to 1.3602×e3. The normalized standard error 

is 0.0296 for AR and 0.1651 for MA. The mean square error is 5.9004×e5. The number e is 

a mathematical constant, which is approximately equal to 2.71828. 

 

 

Figure 3.3.5 Residual plot by ARMA model 
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3.3.4 Comparison of RNN with autoregressive integrated 

moving average (ARIMAX) model 

Both AR and ARMA can only support estimation of one time-series variable. However, 

ARIMAX and RNN models support multiple time-series variables as inputs. This 

advantage can help to identify the relations between passenger volume and econometric 

factors such as GDP, population, unemployment rate and aviation fuel price as shown in 

Equation (3.9) [181].  

 

           1 1 1 4 4 1(1 ) ... (1 )t tL y c X X L                        (3.9) 

 

ty : The output at time step t.  

t : The white noise at time step t.  

C : Constant term.  

L : Lag operator.  

1 :  Polynomial notation.   

1 : Polynomial notation.   

 

Figure 3.3.6 shows that the fitting curve based on multiple time-series variables is even 

closer to the real passenger volume. However, the curve fails to represent the external 

shocks clearly. Overall, the fitting errors are smaller than ARMA method but they cannot 

represent the sudden changes when the external shocks happen.    
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Figure 3.3.6 Estimation based on ARIMAX 

  

Figure 3.3.7 shows the residual plot by ARIMAX model. The residue reaches its peak 

value of 3 × 106 in 2005. Akaike Information Criterion (AIC) for the goodness of fit is 

equal to 1.2748×e3. The normalized standard error is 0.12 and 0.1817 for AR and MA 

respectively. The mean square error is 4.8362×e5. The number e is a mathematical constant, 

which is approximately equal to 2.71828. The fitting error chart is shown in Table 3.1.  

 

 

Figure 3.3.7 Residual plot by ARIMAX model  
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Table 3.1 ARIMAX Fitting error analysis chart 

3.3.5 Comparison of RNN with Multiple Linear Regression 

(MLR) 

Similarly, MLR can support multiple variables inputs. Figure 3.3.8 shows the fitting 

results based on MLR model. It is clearly shown that the fitting errors of MLR when the 

external shocks happen are larger than the fitting errors of ARIMAX. As a result, ARIMAX 

performs better than MLR in estimating the passenger volume.  

 

Figure 3.3.8 Estimation based on MLR 
 

Figure 3.3.9 shows the residual plot by MLR model. The residue reaches its peak value 



 

85 
 

of 3 × 106 in 2003. Akaike Information Criterion (AIC) for the goodness of fit is equal to 

1.3170×e3. The mean square error is 3.9164×e6. The number e is a mathematical constant, 

which is approximately equal to 2.71828. The fitting error chart is shown in Table 3.2. The 

residue for the MLR model is larger than that of the ARIMAX model.  

 

 
Figure 3.3.9 MLR Residual plot based on MLR 

 

 

 

Table 3.2 Fitting error analysis chart  

3.3.6 Comparison of RNN with NN fitting tool 

Figure 3.3.10 shows the predicted curve by NN fitting tool. The curve is overfitting the 
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historical data. Even though, in Figure 3.2.11, it is clear shown training, validation, and 

testing all have a high R above each subplot. The predicted data and the real data are 

approximately distributed along Y=X. It shows that predicted data and the real data are too 

close to each other. . The average R-value for this neural network is 99.604%.A high R does 

not mean that the neural network fitting tool is useful in this situation.  

 

 

Figure 3.3.10 Neural network fitting                                                           
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Figure 3.3.11 Regression 

3.3.7 Summarization for choosing RNN model 

Based on the comparison above, LR model has the worst fitting accuracy. LR and AR 

can regress only one time-series variable. Thus the fitting accuracy is low and it cannot 

model the relations between passenger volume and econometric factors such as GDP, 

population, aviation fuel price and unemployment rate. ARMA and MLR can have multiple 

variables as inputs. Therefore, ARMA and MLR can model the econometric variables and 

the accuracy is promising. ARMA has the best fitting accuracy but it cannot represent the 

external shocks. As a result, the author uses RNNs as forecasting tool. The forecasting 

based on RNN can support multiple variables as inputs and can adjust the lag to represent 

the external shocks.   
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3.4 Training and validation of RNNs 

The data was randomly split into three sets of data. The first set of data is training data, 

which is used to train the RNN regression model and monitor the performance of the model 

in the training process. The second set of data is validation data, which is used to validate 

the trained model and the third set is test data for model evaluation. After the empirical 

RNN regression model is established, the model is used to predict the passenger volume of 

Changi Airport in five years. Then, a statistic test is conducted to study the interaction 

between the input factors and the output. The significant factors are visualized by the 3D 

response surfaces [182]. RMSE is used to validate the RNN model. For training dataset, 

the RMSE score is 26.28 after normalization. For test dataset, the RMSE score is 37.71 

after normalization. Both scores are reasonable and are less than 40. The low RMSE shows 

that the model is suitable for forecasting of passenger volume.  

3.4.1 Training of RNNs 

80% of the data is used for training and testing while the rest 20% of the data is used 

for validating the model. The data is randomly split into two dataset. Figure 3.4.1 shows 
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the sample historical data before splitting into two dataset.  

  

 

Figure 3.4.1 Sample dataset split into training and testing 

 

Figure 3.4.2 shows the correlation between each factor and passenger volume. GDP 

and population give the maximum effects on passenger volume. GDP and population have 

correlation rate with passenger volume for 0.994 and 0.986, respectively. Fields such as 

aviation fuel and unemployment rate have less influence on passenger volume. Since the 

four parameters all have influence on passenger volume, four parameters would all be 

included in the training of the deep learning model.  

 

 

Figure 3.4.2 relations between factors and passenger volume 
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3.4.2 Validation of RNN 

The 20% of the random data is picked to validate the performance of the RNN model 

as can be seen in Figure 3.4.3. We can compare the historical data with the predicted 

passenger volume to check the accuracy of the model established.  

 

 

Figure 3.4.3 Random data for validating RNN model 

 

The validation results are shown in Figure 3.4.4. We can tell that the overall coefficient 

of determination rate is about 95.8% and relative absolute squared error is about 0.042, 

which are very good results. After the validation, the model is used to predict the future 

passenger volume from 2018 to 2022.  

 

 

Figure 3.4.4 Accuracy rate 
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3.5 Results analysis and discussion 

3.5.1 Autoregressive historical data forecasting based on time-

series recurrent neural networks with different time lag 

The four factors that the author takes into consideration are fuel price, unemployment 

rate, GDP and population. These four factors are inputs for the recurrent neural networks. 

The output is the passenger volume. The author uses the historical data from 1976 to 2017 

of the four factors to train the RNN and validates the biases and weights for two the hidden 

layers. At first, the author uses recurrent neural network with 5-year lag to forecast the 

historical passenger volume. Then, the author compares the forecasting result by 1-year lag 

with that of 5-year lag. Finally, the model with least errors is deployed to forecast the future 

passenger volumes from 2018 to 2022.  

 Figure 3.5.1 shows the training and testing results based on multivariate RNN with 5-

year lag, which means that the RNN considers the previous 5-year data as inputs. However, 

the forecasted results are not good enough. The gap between validation curve and real data 

is quite big. As a result, it cannot be used to forecast the future passenger volume. The 

reason might be that 5-year lag is too long for forecasting trend in near future. The pattern 

5 years ago might change a lot when comparing to current pattern. Gathering all 5-year data 

as inputs can only increase the forecasting errors.    
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Figure 3.5.1 Training and testing results comparing with real data 

  

Figure 3.5.2 demonstrates that the recurrent neural network with 1-year lag shows 

promising forecasting result including the three incident points, namely, the 1997 Asian 

financial crisis, the 2008 financial crisis and the 2004 SARS outbreak. Smaller lag window 

can increase the forecasting accuracy and the forecasting curve pattern is similar to real 

data curve pattern. This model would be used for the future passenger volume forecasting.  
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Figure 3.5.2 Predicted results compared with historical data 

3.5.2 Forecasting based on RNN as a regression model  

Based on the recurrent neural networks, the author obtains all the hidden layer biases 

and weights from the trained neural network. These biases and weights can be used to 

forecast for the future passenger demand.  

  



 

94 
 

 

Figure 3.5.3 RNN Forecasting block diagram                                

 

Figure 3.5.3 shows the forecasting block diagram for passenger volume forecasting. 

The author inputs the Singapore GDP data, population forecasting data, unemployment rate 

and jet fuel price into the trained neural networks. The GDP forecasting data can be found 

in [183]. The population forecasting can be found in [184]. The population of Singapore in 

2022 is expected to reach 6 million. Each input and output from last time step will multiply 

by weights and plus biases and process through first hidden. Finally, the output is the 

passenger volume forecasting.   
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Figure 3.5.4 Passenger volume forecasting 

 

The results are shown in Figure 3.5.4. The author used the historical data to forecast 

the passenger volume from 2018 to 2022. From 2015 to 2020, the growth rate of passenger 

volume drops to a low increase speed. The passenger volume keeps rapid growth rate from 

2018 to 2020. In 2018 and 2020, the passenger volume for Changi Airport is expected to 

hit 60 million and 70 million, respectively. In 2022, the passenger volume is slightly less 

than 80 million, which is predicted to be 78,730,339. As the Terminal 4 has already been 

open to public and Terminal 5 planning is in process, the passenger volume in Changi would 

expect a rapid growth in the next 5 to 10 years. It still serves as the air transport hub in the 

Southeast Asia. With the new service facility, Changi Airport has more capability to 

accommodate the increasing number of passengers of arrival, departure or transit.    

3.6 Summary 

The author deploys a recurrent neural network for the forecasting of passenger volume 



 

96 
 

in Changi Airport from 2018 to 2022. The input factors are GDP, population, jet fuel price 

and unemployment rate in Singapore. The author uses the historical data of the four factors 

to train and validates the recurrent neural network in order to get the biases and weights of 

the RNN. Then, a comparison is made between forecasting result of 5-year lag and 

forecasting result of 1-year lag. Besides this, fitting results from other prevailing 

econometric methods are compared with the results from RNN. RNN can support multiple 

variables inputs and have more accurate fitting when external shocks happen. Finally, based 

on GDP, unemployment rate, jet fuel and population data, the author uses the validated 

weights and biases to forecast the passenger volume. The results show that time-series 

recurrent neural network can have a good fit for the total passenger volume and the 

forecasting seems promising for the future development of the airport. Both the training 

and the forecasting have high accuracy. The recurrent neural network method is suitable 

for time series and nonlinear regression forecasting problem. The author can develop 

further forecasting based on recurrent neural networks. In this thesis, the author only 

considers four inputs. In the real situation, passenger volume is related to many more 

factors. To solve this problem, the recurrent neural network can be expanded to have more 

inputs and more complex hidden layers. Future works will include more inputs for the 

neural networks and systematic passenger volume forecasting. 
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CHAPTER 4  

SIMULATED COMMERCIAL AIRPLANE VISUAL 

CONSPICUITY EXPERIMENTS AND STUDY DURING 

APPROACHING AND DEPARTURE IN THE AIRPORT 

VICINITY 

4.1 Introduction 

The visual conspicuity for the approaching planes in the vicinity of the airport is very 

important for the tower controller to track the real status of the airplanes. However, 

measuring the visual conspicuity in the control tower takes a lot of manpower and time. It 

may also be under the restriction of the schedules of the planes. Most importantly, it could 

interfere with the work of controllers. If simulations in the lab can maintain certain fidelity, 

the author can perform lab simulations instead of the real scene measurement, which can 

save time and costs. At the end, the experimental results of visual conspicuity in the lab 

simulations are compared with the field test results to prove our computational simulation’s 

effectiveness and fidelity.   

In 1995, Radio Technical Commission for Aeronautics proposed the free route [185] 

concepts for the first time. Free route means pilots should have more responsibility for the 

separation of en route aircraft. Thus, air traffic controllers (ATCs) can reduce their 

workload and focus more on increasing the efficiency and capability of the airspace. 

However, if an emergency takes place, ATCs should concentrate on helping the aircraft 

solve conflicts and reduce accidents happening. Aircraft crews and ATCs must interact with 
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each other and monitor any changes or conflicts in the airspace [66] to ensure the safety 

operation. Aircraft departing and approaching are the most crucial stages of the entire route. 

Most accidents happen during the departure and approach procedures. Therefore, 

improving the safety of aircraft landing and departing is one of the main research topics for 

ATM. ATCs need a clear vision of the departure and landing aircraft to monitor the aircraft 

status. Visual conspicuity is one of the areas that can improve the safety standard around 

the airport.       

A lot of visual conspicuity research has been done so far. For example, Toet et al. used 

graphic slides of the scene photos with military vehicles for the subject to undertake 

measurements of visual conspicuity in lab conditions [71]. Visual conspicuity is defined by 

the peripheral area between the object and the observer eye fixation where the object is 

distinguished at the first time by the observer. The visual conspicuity tests were conducted 

by the two authors and the visual search performance tests were done by 64 subjects. The 

results demonstrate that mean search time and the logarithmic values of visual conspicuity 

have a linear relation with each other. Moreover, the target visual conspicuity lab test agrees 

with the field tests.  

Bok et al. [75] used a projector with a plane model to quantify the visibility for subjects. 

They used ANOVA to control the visual parameters of the plane model and background so 

that the effect of different parameters on the visual conspicuity can be extracted. Then, 

based on the results, the team established a mathematical model for the Detection Radius 

as a function of target size, lightness, and chromaticity.  
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The relation between the cumulative probability of target discovery and the relevant 

visual conspicuity area has been experimentally revealed. Visual conspicuity area stands 

for the visual field area where an object is firstly detected after a single eye fixation. Based 

on the experiment, Engel [76] has found non-targets can be discovered spontaneously 

during the experiment and are proportional to the corresponding conspicuity area. However, 

instructions to the subjects on prohibiting the non-targets fixation can lead to the reduction 

of the effective size of the conspicuity area.  

Engel [77] also found that eye fluctuations may happen in the target spotted direction 

during the conspicuity experiment. Spontaneous appearance of eye fluctuation is related to 

the visual conspicuity area and target eccentricity. His results illustrate the importance of 

the visual conspicuity area in visual target detection.  

Andrew et al. [68] proposed a Spatial Standard Observer (SSO) method to easily 

calculate the visibility threshold range for many conditions. Then the authors compared 

measuring results of the visibility of aircraft images predicted by SSO with the results 

obtained by human observers in order to tune the calculation accuracy. However, there are 

a number of limitations. Firstly, the measurement and prediction of visibility of aircraft are 

based on patterned backgrounds. Secondly, the authors only analyzed and predicted 

thresholds for photopic vision only. The results show that SSO can calculate over any 

distribution of desired parameters. It can successfully calculate without the effort and 

expense of field tests.  

Chaudhuri et al. [186] used a multi-layer perceptron method to predict the visibility of 

the airport during fog. They found that the visibility was related to several surface 
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parameters, including surface temperature, pressure, wind direction, humidity etc. As a 

result, they can predict the visibility based on the pre-observation in the airport vicinity. 

This kind of method can be also used by us to predict the visibility of the airplane by taking 

into account of several parameters, which are linked to the changing of the visibility. The 

overall goal is to predict the airplane visibility in a precise manner so as to increase the 

safety operation of the airport. Increased airplane visibility will also enhance the possibility 

for collision avoidance [187] and the safety operations. 

The aim of our research is to establish a mathematical model to define the relation 

between the visual parameters and the visual conspicuity. The parameters include 

chromaticity, lightness, object size (distance), contrast and observing angle. Moreover, the 

relation between visual conspicuity and search time is also demonstrated in this study. 

Figure 4.1.1 shows the plane model which is shown on the screen.  

 

Figure 4.1.1 Airbus A320 simulation model 
 

4.2 Visual conspicuity experiments 

The author draws the civil aircraft Airbus A320 and Boeing 737-800 using SolidWorks 
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as the plane models for conspicuity measurement. Then, the author fine-tunes the visual 

parameter on image-processing software to get the desired images. The location of the 

plane model on the image is fixed on the top corner of the image for variable control. Both 

planes are in white color and the background is a real image of the sunny sky with clouds 

to make the scene look real. The background photo can be seen in Figure 4.2.1. The 

simulation images can be seen in Figure 4.2.2 and Figure 4.2.3. Two planes are all in white 

color. Two projectors are used during this experiment. One projector is to display the 

images and the other is used to generate the moving red dot. Besides, one computer is used 

to show the images and the other is used to record the detection, identification time and the 

conspicuity area. Then, the author fine-tunes the visual parameters to get the desired images. 

The dimension of the image is 1379 x 698 pixels. 

 

 

Figure 4.2.1 Background Image 
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Figure 4.2.2 A320 simulation model 

 

Figure 4.2.3 Boeing 737-800 simulation model 

 

Merits of visual conspicuity experiments are: 

 Visual conspicuity experiments can be used to study the effects of visual factors.  

 Visual conspicuity experiments can replace expensive and time-consuming 

field tests.  

 Lab simulations are easy and convenient to set up.  

 Visual simulation can mimic the vision of pilots and the air traffic controllers.  

Demerits of visual conspicuity experiments are described as following: 

 The accuracy of visual conspicuity experiments cannot be verified.  
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 The number of subjects needs to be increased so as to decrease the random 

errors.  

 All subjects have different preference and conditions. As a result, control 

variable methods cannot guarantee all the subjects to have the same 

experimental conditions.  

In conclusion, visual conspicuity methods can be used to study visual factors 

qualitatively even if the accuracy might not be guaranteed. The results of visual factors on 

visual conspicuity can be referenced for future application development of visual 

enhancement.   

The next session shows the effects of changing different parameters in details.  

4.2.1 Human factors 

32 random subjects with age ranging from 17 to 50 are invited to participate in this 

simulation for visual conspicuity study. The subjects are from different races and male to 

female ratio is 0.5. The information of the participants is confidential. Before conducting 

the experiment, the author already tests the experiment to make the experiment run 

smoothly, obtain the expected results and avoid re-doing the experiments especially when 

the subjects had limited time. The experimenter does literature review about the conspicuity 

experiments and prepared for any potential problems encountered during the experiment. 

All participants [188] are briefed with the experimental procedures before the experiments 

started. A dry run is conducted to make the participants familiar with the procedures and 

they were required to have a basic understanding of the purpose of the experiments. The 
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experiment is conducted consistently for each participant. Moreover, the experimenter tries 

to create a neutral and comfortable interaction with each participant and minimize the effect 

on the performance of the participants [189]. All the participants have normal eyesight with 

or without glass. A marker on the floor shows subject standing point which is 2 meters 

away from the projector. All participants are required to stand exactly the same position in 

front of the screen where the images are displayed. Then, the subjects follow the track of 

red dot moving from the bottom left corner of the image to the center of the plane model. 

The speed and direction of the moving red dot are kept constant. The subjects press the 

button when they detect and identify the plane model. The positions of the detection points 

are recorded and the visual conspicuity area can be calculated. Besides, the elapsed time 

for both detection and identification are recorded automatically by the computer program. 

After the subjects finish the experiments, the low-quality data is excluded from further 

analysis. The remaining high-quality data will be analyzed by the author. Finally, the 

mathematical model is formulated. 

 

4.2.2 Approaching and departing 

The flight posture will change depending on whether the plane is approaching or 

departing if the author assumes the observation point remains the same. The flight posture 

will have an effect on the visual conspicuity of the plane. As can be seen in Figure 4.2.4, 

the two images show the posture for departure and approaching, respectively. It is obvious 

that there is a clear difference between the two states.  
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Figure 4.2.4 Departure and Approaching 

 

4.2.3 Chromatics 

In the CIElab color space [190], Chromatics consist of two independent parameters. 

One is hue, which is an angular component and the other is Chroma, which is a radial 

component. Equation (3.9) describes Chroma and Hue calculation methods [78].  

 

 

Figure 4.2.5 Hue changing from -180
。
to +180
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In Equation (4.1), a* stands for the red/green axis. The axis is the red axis when a*<0 

and the green axis when a*>0; b* represents the blue/yellow axis. If b*<0, it is the blue axis 
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and if b*>0, it is the yellow axis. The range of the changing Hue is from -180
。

to +180
。

. 

The hue adjustment results can be seen in Figure 4.2.5.  

 

4.2.4 Lightness 

Lightness may differ if the weather in a real situation changes. Lightness is also one of 

the key elements for the visual conspicuity measurement. The interval the author uses is 10 

L and the author starts from -140 L to 80 L. The images with different lightness are 

displayed in Figure 4.2.6. They change from the lowest -140 L to the highest 80 L.  

 

 

Figure 4.2.6 Lightness changing from -140L to 80L 

 

4.2.5 Contrast 

Contrast is not only determined by brightness but also color. Scientific research shows 

that human eyes are more sensitive to contrast than the absolute luminance [191]. Here, the 

author defines the contrast as luminance contrast. The equation can be seen in Equation 

(4.2) [192]. The images with different contrast have different visual effects on the observers. 

The contrast-changing diagram can be seen in Figure 4.2.7. Figure 4.2.8 shows the contrast 

effects on the visibility [192].  

 



 

107 
 

 

Figure 4.2.7 Contrast changing diagram 
 

 

Figure 4.2.8 Contrast Influence 
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                        (4.2) 

Io and Ib represent the luminance of the object and the background, respectively.  

4.2.6 Distance 

Distance will affect the size of the plane on the display image. A larger distance will 

decrease the visual conspicuity significantly. As shown in Figure 4.2.9, a larger distance 

means a smaller size of the plane on the image. Moreover, the reaction time for the 

identification of the plane will also increase.  
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Figure 4.2.9 Distance changing 

4.2.7 Sunlight and reflection 

When the sun is in the background of the aircraft, the sunlight would fall on the 

opposite side of the aircraft. Thus, air traffic controller will perceive a dark silhouette of 

the aircraft.  

On the contrary, when the sun shines at the same side of the aircraft with the air traffic 

controllers, the reflection of sunlight on the surface of the aircraft can cause poor visibility 

for the air traffic controllers. Based on these facts, the author conducted simulation to 

examine the effect of reflection and sunlight on visual conspicuity. We use simulation and 

modeling software to create the effect of the sunlight and reflection and use the same 

method to examine the visual conspicuity by the same group of volunteers.  

The effects of the sun facing the air traffic controllers are shown in Figure 4.2.10. The 

sun can cause the background to be brighter but the shadow of the aircraft decreases the 

visibility of the aircraft. The ATCs would recognize aircraft as a dark silhouette.   
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Figure 4.2.10 Sunlight effect on the aircraft on the opposite side of ATCs 

 

The effects of sunlight reflection on the same side with the air traffic controllers are 

described in Figure 4.2.11. The luminance of the aircraft increases by the reflection of the 

sunlight. The aircraft would be very hard to identify by the ATCs when the background is 

white cloud.    

 

 

 Figure 4.2.11 Sunlight reflection on the aircraft on the same side of ATCs 
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4.3 Results analysis and discussion 

4.3.1 Results for departure conspicuity vs search time 

After getting all the simulation data from experiments, the author inputs the detection 

time of the departure conspicuity into a numerical computing tool. The author uses a 

notable implementation tool to generate the curve for comparison as shown in Figure 4.3.1. 

The searching time plunges very significantly when the airplane is least conspicuous, or 

out of the human detection range. The curve flattens after the plane is already conspicuous 

enough for searching. The search time consists of observer reaction time and plane 

searching time. After the plane is obvious enough, the plane searching time will decrease 

to a small value which can be neglected when compared to reaction time. As a result, the 

curve becomes stable.  

 

 

Figure 4.3.1 Results for departure conspicuity detection 
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4.3.2 Results for approaching conspicuity vs search time 

The author inputs the data into numerical computing tool to generate the graph of 

approaching conspicuity against search time. In Figure 4.3.2, the search time curve drops 

significantly with the increase of the landing visual conspicuity. From conspicuity of 30 

cm, the curve becomes stable. However, the peak at conspicuity of 140 cm probably occurs 

because of the plane is hidden behind the clouds even though the plane is big enough for 

identification.  

 
Figure 4.3.2 Results for landing conspicuity detection 

 

When the author compares Figure 4.3.1 with Figure 4.3.2, approaching search time is 

larger than landing search time at first. However, both become flat at around the same 

search time value. The author observes that there is a clear difference between the landing 

and detection time of the departure conspicuity. It is because that the orientation of the 

planes results in the difference of effective observing size. However, overall the curve 
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becomes horizontal when the plane comes near to the observer. Figure 4.3.3 and Figure 

4.3.4 demonstrate the raw data from the search time versus conspicuity experiments.  

 

 

 

 

Figure 4.3.3 Raw data for approaching detection time in computing tool 
 

 

Figure 4.3.4 Raw data for landing detection time in computing tool 
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4.3.3 Results for visual conspicuity vs distance 

As can be seen in Figure 4.3.5, the conspicuity goes up with the increase of the plane 

observing size on the image, which means the further the distance, the smaller the 

conspicuity. The lower curve is the identification conspicuity which is clearly smaller than 

the detection conspicuity, because the conspicuity area should be smaller so that observers 

can identify the characteristic of the object. As a result, it takes more time to identify the 

object. The identification conspicuity and the detection conspicuity are both quadratic 

equations. In addition, the detection conspicuity drops when the observing size is close to 

140 mm, because the screen is not large enough to detect large planes. 

The data beyond 140mm should be ignored.  

 

 

Figure 4.3.5 Results for conspicuity vs distance 
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The fitting equations for the detection and identification conspicuity are shown in 

Equation (4.3).   

0.3

0.3

45.6536 0.8556 862.7387

31.7641 3.0366 319.3139

detction

identification

y x x

y x x

  

  
 (4.3) 

 

4.3.4 Contrast 

Figure 4.3.6 demonstrates that the detection conspicuity curve fluctuates at the contrast 

between -50% and -20% and gets to the highest point when contrast is -10%. After that, the 

detection conspicuity curve plunges rapidly until contrast is 20%, where the identification 

conspicuity begins to decrease slowly. The identification curve declines slowly except that 

there is a small peak at the contrast of 22%. From the results, -10% contrast is the most 

suitable and obvious for the observer to detect airplane while -50% contrast has the largest 

identification conspicuity. The detection conspicuity is always larger than the identification 

conspicuity but fluctuates more violently than the identification conspicuity.  

The fitting equation for the detection and identification conspicuity can be seen in 

Equation (4.4).  

2

2

0.0003 0.2959 885.4298

0.0001 0.2416 379.927

detction

identification

y x x

y x x

   

  
 

(4.4)  
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Figure 4.3.6 Conspicuity vs Contrast 
 

4.3.5 Brightness 

The conspicuity versus brightness curve starts to increase from the beginning until it 

reaches the top at brightness of —8 L and then it begins to drop as shown in Figure 4.3.7. 

The most conspicuous point for airplane detection occurs when brightness is equal to —8 

L. The identification graph has one peak which is at the brightness of —80 L. Therefore, 

the brightness does have an effect on the visual conspicuity. However, the environment 

which is too dark or too bright can limit the visibility of the airplane.   
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Figure 4.3.7 Conspicuity vs Brightness 
 

The fitting equation for the detection and identification conspicuity can be seen in 

Equation (4.5).  

2

2

0.006 0.3414 899.7249

0.003 0.3993 399.7007

detction

identification

y x x

y x x

   

   
 

(4.5) 

                     

As shown in Figure 4.3.7, visual conspicuity measurement is in pixels, not in cm. The 

conversion function between conspicuity in pixels and conspicuity in cm is shown in 

Equation (4.6).  

 

0.1523cm pixely y
 

(4.6) 
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4.3.6 Chromatics 

From Figure 4.3.8, the author concludes that the detection conspicuity reaches the peak 

when the color is light green. It drops to the lowest as the hue increases to around 30%, 

which is blue. Then the curve becomes flat until it reaches another peak at the hue of 150% 

when the color is purple. For the identification conspicuity, the curve has the highest point 

at the hue of -80%, which is dark green and after that, the curve becomes stable. The hue 

changes between -50% and 80% do not affect the identification conspicuity much. The 

identification conspicuity drops to the bottom at the hue of 100% and then the line goes up 

again and reaches another peak at the hue of 150%. In conclusion, the hue has different 

effects on detection and identification visual conspicuity. When the background is light 

green, it is easiest for the observer to detect the plane in the sky. However, for the 

identification conspicuity, the value does not change so much in a large hue range. 

Moreover, dark green is the easiest color for identifying planes. It is the hardest for 

observers to both detect and identify the plane in an orange color sky.  

For the fitting of detection conspicuity, two peaks present in the curve. A bimodal 

distribution equation [193] is used to approach this curve. Equation (4.7) demonstrates the 

fitting equation for the detection conspicuity versus chromatics.   

 

2 2( 25 ) ( 150 )

2 2
1 22 2

1 22 2
1 2

1 1
(1 )

2 2

x xch ch

detectiony C e C e  
 

   

          (4.7) 

 

Where σ1
2 =4, σ2

2=6. α=0.6. C1=8021.2. C2=14278.4. Equation (4.8) displays the 
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fitting mathematical equation for identification conspicuity.   
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    (4.8)  

 

Where σ1
2 =5, σ2

2=6. α=0.5. C1=4708.2. C2=4912.1. 

 

 

Figure 4.3.8 Conspicuity vs Hue 
 

4.3.7 Sunlight 

Irradiance is used to measure flux density or radiometric flux per unit area. The unit is 

expressed in W/m2. When the ATCs face the sunlight, irradiance on retina of ATCs would 

be very high. It could blind the ATCs while irradiance on the near side of aircraft would be 

low. This scenario is called direct sunlight scenario. When the sunlight is from the back of 

the ATCs, irradiance on retina of ATCs would be low while irradiance on the near side of 
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aircraft would be high. This scenario is called reflect sunlight scenario. This study would 

examine the sunlight effect on ATCs and conspicuity of the aircraft. The average irradiance 

on earth surface during clear sky is around 1,366 W/m2 [194]. The real irradiance falls on 

aircraft surface or retina of ATCs should be less than 1,366 W/m2 as a result of the reflection 

and absorption of sunlight by clouds.  

Figure 4.3.9 shows that the visual conspicuity will increase as the irradiance increases 

from 100 W/m2. The visibility of the aircraft will increase as the lighting conditions 

improve, probably because of less cloud reflection of the sunlight. The aircraft would reach 

maximum detection conspicuity and identification at 750 W/m2 and 890 W/m2 of radiance, 

respectively. However, the visibility would drop as irradiance keeps increasing because the 

sunlight can make the ATCs feel dazzling and create a dark silhouette of aircraft.    

   

 

Figure 4.3.9 Sunlight effect when facing ATCs 

 

When the sunlight is shining from behind the ATCs, luminance on the near side of the 

aircraft would keep increasing and the visual conspicuity for aircraft would improve at the 
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same time. According to Figure 4.3.10, the detection conspicuity reaches the peak value 

when the irradiance of sunlight is at around 980 W/m2 while for the identification 

conspicuity, the maximum value is reached at 890 W/m2 of sunlight irradiance. The 

identification conspicuity reaches the maximum at lower level of sunlight irradiance, 

probably because it is even harder to identify the aircraft when the sunlight reflection on 

the aircraft is too bright. The ATCs can mistake the bright reflection of aircraft for the 

surrounding white clouds.   

  

 

Figure 4.3.10 Sunlight effect from the behind of ATCs 
  

4.3.8 Search time 

After getting all the simulation data from the experiment, the author inputs the data 

into numerical computing tool. The author uses the Least Square Method to generate the 

curve with the largest R square and the fitting curve equation is shown in Equation (4.9). 

Figure 4.3.11 describes the curve generated from the numerical computing tool.   
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 (4.9) 

 

 

Figure 4.3.11 Fitting results for detection conspicuity in the computing tool 
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Figure 4.3.12 Fitting curve for identification conspicuity in the computing tool 
 

As shown in Figure 4.3.12, the author uses the same Least Square Method to fit the 

identification conspicuity data. The identification search-time function has a larger constant 

than detection search time function because it takes more time to identify the object as a 

plane. The fitting curve function is shown in Equation (4.10). 
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 (4.10) 

 

4.4 Establishing visual conspicuity model 

From the experiment results, the relations between visual conspicuity and each visual 

factor are studied separately. Each separate study is conducted under variable control, 

which means that the rest of variables are held constant during the experiment. The visual 
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conspicuity model can be established based on the separate study. Equation (4.9) shows the 

conspicuity model including all the visual factors in this study.  

  

1 2conspicuity distance contrast brightness chromatics sunlighty C y y y y y C         (4.11) 

 

Equation (4.3), Equation (4.4), Equation (4.5), Equation (4.6) and Equation (4.7) are 

substituted into Equation (4.11).  

Equation (4.12) shows the mathematical model of detection conspicuity. Based on the 

calculation, C1 is equal to 5.3741×10-9. C2 is equal to 763.2393.  
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Equation (4.13) shows the mathematical model of identification conspicuity. Based on 

the calculation, C1 is equal to 4.7942×10-9. C2 is equal to 318.1339.  

  

1 2identification distance contrast brightness chromatics sunlighty C y y y y y C             (4.13) 
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4.5 Summary 

The visual conspicuity for the approaching planes in the vicinity of the airport is very 

important for the tower controller to track the real status of the airplanes. However, 

measuring the visual conspicuity in the control tower takes a lot of manpower and time and 

the experiment is limited based on the schedules of the airplanes. Notably, it could interfere 

the controller with their work. The author’s approach measures the relations between visual 

conspicuity and visual parameters using lab simulation. These visual parameters used in 

this study include distance, chromatics, brightness, sunlight, contrast, and flight posture. In 

addition, the author finds the difference between landing and departing visual conspicuity 

by checking the average search time of the plane. The curve clearly demonstrates that the 

search time drops when the visual conspicuity increases. The author studies the relations 

between visual conspicuity and each visual factor separately by variable control method. 
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Each visual parameter has a significantly different effect on detection and identification 

conspicuity. Visual conspicuity both for the approaching and departure aircraft can reach 

the maximum by tuning different visual parameters. After that, the author establishes a 

mathematical model by combining all the separate studies.  

This may lead to a less costly and time-efficient visual conspicuity measurement which 

may help controllers to have a better vision of the aircraft in the airport vicinity. The future 

work of this study would be finding the right combination of visual parameters to help 

improve the visibility of aircraft in different situations. Experiments in the control tower 

can be conducted to examine the effectiveness and accuracy of lab simulation results. The 

future work of this study can not only help to meet the ATM demand of increasing safety 

operations of the airport but also contribute to shaping a future airport with more capacities 

and efficiency. 
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CHAPTER 5  

A NOVEL 3D MULTI COMMERCIAL AIRCRAFT PATH 

PLANNING UNDER ADVERSE WEATHER CONDITIONS 

BASED ON GENETIC ALGORITHM  

5.1 Introduction 

Many airplane accidents happened around the world. Ensuring the air traffic safety is 

always the top priority for the Air Traffic Management (ATM). Researchers around the 

globe try to think of ways to not only increase the safety but also improve the efficiency of 

the airplanes. As can be seen in Figure 5.1.1, adverse weather is one of the main factors 

which can cause fatal aircraft incidents. How to avoid the adverse weather and create a new 

efficient path is research goal of the author. Adverse weather will also have an effect on the 

visibility of the aircraft [195]. The author also takes into consideration of the effect from 

other aircraft in the same airspace and limitations of airspace restriction areas. The 

prohibited areas can also cause danger to the civil airplanes. For instance, civil airplanes 

can be interrupted by military drills or can be hit by missiles and fighters if they enter 

military prohibited areas or war zones.   

In the year of 2016, there were 19 fatal plane crashes and 325 deaths in total. In 2015, 

the fetal aircraft crashes and deaths are 16 and 560, respectively [17]. Many airliner 

accidents were caused by adverse weather such as fog, ice, lightning strike and microbursts 

[196-198]. Research study shows that adverse weather conditions caused or contributed to 
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around 35% of the total fatal airliner accidents [199]. Instrument meteorological conditions 

occurs in 60% of weather related accidents. Weather can not only damage the flight 

instrument, but also cause pilots to make fatal mistakes. The aviation accidents rate per 

million flights gradually dropped from 11.5 of 1958 to 0.15 of 2016 [200], due to the 

advances of instrument technology. However, adverse weather related accidents still 

happens nowadays and causes fatality around the world.   

  

 
Figure 5.1.1 Adverse Weather condition 

 

Free route concepts [185] was first introduced by Radio Technical Commission for 

Aeronautics (RCTA) in 1995. As shown in Figure 5.1.2, free flight means the en route 

aircraft pilots are more responsible for the separation of aircraft while reducing the 

workload of air traffic controllers (ATCs), but in case of emergency, ATCs should intervene 

if pilots fail to execute separations. This concept can free the ATCs so that they can focus 

more on the users’ request.  
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Figure 5.1.2 Pilots should have more freedom and responsibility to separate and 

maneuver 

 

Christina [201] introduced a novel 4D trajectory optimization method that creates a 

path based on adverse weather data. This application can successfully reduce the detour 

and fuel cost. The author created a reference route for comparison of the detour deduction. 

However, the author only considered storm weather related circumnavigation. Other 

weather conflicts and airspace restrictions are not considered by the author.  

Wang [202] developed an air route network node optimization method in order to avoid 

the tree areas, including prohibited area, restricted area, and danger area. A cellular 

automata model was deployed to find the shortest path for optimization problems. The 

authors used a case study to test the effectiveness of the model. In conclusion, the methods 

can reduce the conflict risks of cross network and decrease flight costs and the nonlinear 

coefficient.  

The FAA rules [203] state that the minimum separation of en route flights is 5 nmi and 

3 nmi for lower level terminal space. When aircraft are detected in the same airspace, the 

minimum separation must be satisfied in case of emergency. In this simulation case study, 
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the author uses single dot to represent aircraft which share the same airspace. The author 

takes the minimum separation into consideration when optimizing the route under specific 

conditions.   

As the number of aircraft increases rapidly, the airspace will be more crowded in the 

near future. Simply treating one aircraft as the subject and the rest aircraft as moving 

obstacles would not be enough to meet the demand of the real-time path planning. The 

algorithms need more calculation time and processing time. As a result, it is not efficient 

when the number of aircraft increases. 

A* search algorithm was first introduced by Hart and Nilsson [8] in 1968. It can 

transfer heuristic information to the mathematical theory of graph searching. In addition, 

A* search algorithm is proved to be effective in finding the optimal route while examining 

the minimum number of nodes. The cost function contains two parts, one is the cost from 

the initial position to current position and the other is the estimated cost from the preferred 

goal to the current position. The author builds the algorithm based on A* search algorithm 

and uses a novel cost function to get the most efficient solution.  

Soltani [204] compared Dijkstra, A* and Genetic Algorithm (GA) for path planning in 

constructive sites. The objective function is comprised of shortest path, high visibility, and 

lowest risks. The three path planning methods are compared in time consumption, accuracy, 

and complexity. He found that A* search algorithm will be admissible if the distance from 

the current position to the preferred goal is always available by heuristic function h. This is 

the restriction of A* search algorithm that can cause to overestimate the cost to the goal.   

Garau [65] utilized A* search algorithm on path planning of unmanned underwater 
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vehicles in a real Mediterranean Sea situation. The aim of their research is to find the 

optimal energy saving path based on a current field model and satellite altimetry. Moreover, 

the vehicle is capable of obstacle avoidance. The results show that the path planner is robust 

and efficient for the autonomous underwater vehicle to re-plan a path to the destination 

with shorter time and less energy cost.  

Adem [205] compared A* search algorithm with GA in dynamic mobile robot path 

planning. He found that GA performed better than conventional A* search algorithm both 

in traveling distance and computation time. Also, modified A* search algorithm has better 

computation time but it is easy to reach a local minimum. GA can find the global optimal 

solution efficiently.  

Chee and Zhong [206] used a nonlinear complementary filter to estimate the attitude 

of unmanned aerial vehicle (UAV) and implemented a reactive quad-directional algorithm 

to avoid obstacles. The results show the UAV can achieve attitude control and navigate 

open environment autonomously with obstacle avoidance capability.  

Xie and Zhong [157] developed methods for the unmanned surface vehicle (USV) to 

create path automatically to avoid the obstacles on the sea surface. The simulation results 

in implementation tool show that the USV can find the most efficient path and lead the 

vehicle to the destination.  

5.2 A novel 3D multi-aircraft path planning algorithm  

Figure 5.2.1 shows a commercial airplane encounters an adverse weather condition. It 

may threaten the onboard equipment and lead to the operation failure by the pilots. This is 
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a dangerous situation which may result in a fatal accident. The author builds a 3D route 

optimization algorithm based on the civil flight circumstance and simulates the multi-agent 

path planning situation using implementation tools. The author simulates the scenarios 

when multi en-route airplanes encounter adverse weather conditions or airspace limitations 

in the free flight airspace.  

 

Figure 5.2.1 Civil airplane under an adverse weather condition 
 

Air flight path planning is different from ground vehicle path planning. The author 

trims the GA and PSO algorithm to make it fit the en route environment. The author also 

changes the optimization function to consider the deviation and turning angle.  

The benefits of path planning based on Genetic Algorithm and Particle Swarm 

Optimization algorithms include the following: 

 Genetic Algorithms are perfect fit for dealing with complex 3D route 

optimization problems.  

 PSO algorithms explore optimal route with fast processing speed and less 

computation time. 
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 GA and PSO algorithms can generate smooth curved path for aircraft, which 

other algorithm such as A* search algorithm are not capable of.    

The drawbacks of path planning based on GA and PSO algorithms are listed below: 

 GA search takes a lot of memory. GA requires a lot of mutation and evolution 

which might need enough memory and computation time.  

 Path planning based on PSO is only for 2D path planning scenarios.  

 The processing time of each node increase as the A* search algorithms are 

trying to find the node with least cost.  

In conclusion, GAs are suitable to be used to find the 3D optimal path for the aircraft 

and PSO methods are used to calculate the optimal route during the aircraft cruising phase 

which is a 2D optimization scenario. Based on combination of GA and PSO algorithms, the 

author defines his own optimization algorithm for multi-agent path planning problems.  

5.2.1 Flight aerodynamics  

In this research, the author only considered fix-wing commercial aircraft with two 

engines mounted at left and right wings as shown in Figure 5.2.2. The air dynamics were 

included in the path planning simulation.  

     

 
Figure 5.2.2 Fix-wing aircraft with two engines 
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Figure 5.2.3 Flight aerodynamics [Anderson et al. Fundamentals of aerodynamics 

324 (1) (2010)] 

  

Figure 5.2.3 shows the flight aerodynamics [207] of the aircraft in the simulation. The 

shape of fixed wing and inertial velocity forms an attack angle which can result in an 

opposite drag force and a vertical lift force. The aircraft can control the speed and altitude 

by adjusting the attack angle and engine power.  

5.2.2 Hypothesis  

 All airplanes are equipped with ADS-B in (receiver) and ADS-B out 

(transmitter).  

 All airplanes are in free route airspace. 3D multi-agent path planning only 

covers free route period where aircraft cruising at the highest flight level.  

 Adverse weather is represented by a sphere in the airspace.  
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5.2.3 Rules 

Flight routes must also obey the following rules for the safety of aircraft and restriction 

of the airspace.   

 Restricted or prohibited area cannot be violated.  

 Weather conditions are forecasted and updated in real time. 

 The minimum horizontal separation between two aircraft en route should be 5 

nmi [203]. 

 The minimum vertical en route separation is 1000 feet.  

 Adverse weather should be avoided for safety reasons [201]. 

 Find the least cost to reach the minimum fuel-burning goal.   

 The airplane has the ability of obstacles avoidance. 

5.2.4 Genetic Algorithm for 3D path planning 

Figure 5.2.4 shows one optimal path generated by GA. The blue asterisks show the 

random chromosome locations in the region. There are 11 chromosomes in one route. The 

number of population and generations are 20 and 50, respectively. The population will 

undertake mutations and evolutions until it finds the shortest route while avoiding the 

obstacles. The number of chromosomes can be shortened when optimal route is the 
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combination of direct routes.  

 

  

Figure 5.2.4 Genetic algorithm example 

5.2.5 Comparison of 3D path planning algorithm 

Four prevailing path planning methods including Ant colony algorithm (ACO) [208], 

Dijkstra algorithm [209], Rapidly-exploring Random Tree (RRT) [91] and Genetic 

algorithm [210] are compared for 3D path planning.  

Table 5.1 shows the travelling distance, drawbacks and the computation time for a 3D 

path planning problem with same obstacles. The results show that Dijkstra has the fast 

computation time 3.215s and lest travelling distance but it can only support static obstacles 

and single object path planning. For the PSO algorithm [211], it can only deal with small 

number of agents but can calculate the optimal path faster than the GA algorithm. The 

calculation time is 3.472. However, it has premature convergence and time complexity 

problem [212]. PSO is utilized in this thesis for nearly 2D path planning during the flight 

cruising period. When it comes to bio-inspired ACO algorithm, even though ACO can 
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perform continuous multi-agent path, it is very time consuming and has specific 

optimization rules [213]. For sampling based algorithm, RRT method can only deal with 

single object path planning problem and static obstacles [101]. Besides, and the path 

generated by RRT is non-optimal. PRM method is suitable for re-planning problem as the 

method can be used in complex environment but the disadvantages are non-optimal path 

and excessive collision check [214]. Excessive collision check would cause the 

computation time to increase. As a result, RRT and PRM are not suitable for multi-agent 

path planning. Lastly, mathematical algorithm is used by building mathematical model of 

the environment with constraints. The good merit of mathematical algorithm is that it 

contains a complete representation of the environment but disadvantage is that the 

computation time would hike if the environment becomes more complex [215]. As a result, 

the Mathematical algorithm is not selected as multi-aircraft path planning is a complex 

planning problem. Overall, GA is the most suitable algorithm for 3D multi-agent path 

planning problem.  
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Table 5.1 Path planning algorithm comparison 
 

5.2.6 Comparison between A* search algorithm PSO for 2D 

cruising path planning 

In the cruising period, the path planning is a near 2D planning problem if there is no 

need to change flight level. Simple algorithm is used to calculate the path in order to save 

computation time and reduce memory. The author does a comparison of two popular path 

planning algorithms PSO and A* search algorithm.   

PSO is an artificial intelligence method which can be used to approximate the optimal 

solutions to the extremely difficult maximization and minimization problems [216]. The 

PSO agents have no leaders and are not controlled by external or internal agent. The PSO 

model to find the optimal solution is inspired by animal society model without leader. 

Optimization applying PSO in some research fields is merely conducted in the some 

research fields such as symbolic regression, floor planning, weapon target assignment 
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problem, supply chain management [217], nurse scheduling problem [218] and queuing 

theory [219].   

Figure 5.2.5 shows the path planning algorithm of large amount of aircraft based on 

Particle Swarm Optimization [220]. The starting points are highlighted in red squares and 

the destinations are marked as blue squares. The aircraft should avoid the three restricted 

zones which are shown in green circles. As seen in Figure 5.2.5, the optimal path is a curved 

path which avoids the obstacles while taking the shortest path to the destination. The total 

number of iterations in this PSO is 200. The path generated by PSO is smooth for en route 

aircraft to operate by avoiding sharp turning angles. This path can also make the passengers 

more comfortable.  

 

 

Figure 5.2.5 Multi-agent path planning at the same time  

 

A* search algorithm is based on nodes and the optimal path is discrete straight line 

linking two nearby nodes [204]. However, in reality, the path is sometimes curved. Optimal 
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path based on PSO can get the curved or the straight optimal route for unmanned systems 

to follow. The line is continuous based on PSO. Thus, path planning based on PSO is more 

close to reality, making it more comfortable for the unmanned system to follow the best 

route. Paul [221] of Mathworks also created a implementation tool tutorial to compute the 

shortest path to the goal location using the A* search algorithm to help users better 

understand the function of the A* search algorithm.  

Based on the flight route requirement, the optimization function for A* search 

algorithm is shown in Equation (5.1) [222].       

( ) ( ) ( ) ( ) ( )F n H n G n A n D n   
 

(5.1) 

F (n) stands for the objective function. 

H (n) stands for the estimated cost from the current position to the final position. 

G (n) stands for the cost for reaching the current position from the start position. 

A (n) is the turning angle of the aircraft. 

D (n) is the route deviation from the reference route. 

The goal of A* search is to get the smallest value of F (n). However, at the same time, 

the optimal route must also follow the restrictions and limitations to ensure the safe 

operation of the flight route.      
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Figure 5.2.6 Safe reference route example 

 

As can be seen in Figure 5.2.6, the aircraft starts from the initial position which is 

located at (0, 22.5) of the grid map and ends at the final position which is located in the 

lower right corner of the map. The obstacles are marked with pink circles in our simulation. 

The squares with the pink circles are obstacles closed for aircraft to pass, including 

prohibited area, adverse weather and moving aircraft. The black line shows the optimal 

path with the least energy cost and traveling distance. The two airplanes which share the 

same airspace are separated further than the minimum safety distance, which is 5 nmi.  

Figure 5.2.7 shows the multi-agent path planning based on A* search algorithm [221]. 

In this scenario, three vehicles share the same space with obstacles and restricted area. The 

multi-agent path planning algorithm can successfully design the optimal path for all 

airspace users while maintain the safety separation between each aircraft. The three aircraft 

avoid all the obstacles and pass by path intersection point in different time.  
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Figure 5.2.7 Multi-agent path planning based on A* search 

 

However, the disadvantage of PSO method is that it takes more time for the system to 

come up with the optimal route. As the number of iterations goes up, computation time for 

the path planning algorithm increases as well. In real world scenario, fast processing time 

is preferred in order to guide the vehicle out of danger in time. Reducing the number of 

iterations can shorten the processing time at the cost of accuracy. As a result, it is important 

to know how to balance the number of iterations in order to get the required accuracy and 

fast processing time. Table 5.2 sums up the advantages and disadvantages of A* algorithm 

and PSO method in multi-agent path planning. 

 

 

Table 5.2 Comparison table between PSO and A* search Algorithm 

  

The advantages of PSO over A* path planning algorithm are continuous and accurate. 
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Overall, multi-agent path planning based on PSO is accurate and efficient for large number 

of aircraft path planning problem. The disadvantage is that the accurate route will take more 

iterations thus taking more time to compute, which is not good in emergency situations. 

Therefore, the author uses PSO for the nearly 2D path planning for the cruising period.  

5.2.7 Optimization function 

The author is inspired by the Coulomb’s law [223] to describe safety concern of two 

aircraft collision in object function. The electrostatic force between two point charges is 

proportional to the product of magnitudes of charges and inversely proportional to the 

square of distance between them. If two aircraft collide, the objective function would be 

approximated to positive infinity. Based on this, route generated genetic operators would 

never intersect with other routes as shown in Equation (5.2) [224].   
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                           (5.2) 

The optimal function we use here is demonstrated in Equation (5.3). 
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    (5.3)                       

 

�� stands for the number of waypoints (chromosomes) created by the GA algorithm.  

�� is the number of obstacles in the airspace.  

�� is the number of other airplanes in the airspace.  

��,� is the waypoint of number k of aircraft route j.  
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���������,� stands for the obstacle of number k.  

��,��, ��, �� are the weights of each part of the cost function.  

�� is the route segment of number i.  

�����	stands for the objective function. 

�(��, ��,�) stands for the distance from current waypoint to the waypoint of aircraft k. 

�(��, ����) stands for the distance from current waypoint to the next waypoint. 

�(��, ���������) stands for the distance from each waypoint to the obstacle.  

�(��, ����) is the turning angle of the aircraft between two neighboring segments. 

After that, the author substitutes waypoint coordinates into the objective function. 

Equation (5.4) shows the derivation process.   
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(��, ��, ��) is the waypoint i of the aircraft along the path.  

(���,�, ���,�, ���,�) is the center coordinates of the obstacle i. 

(��,�, ��,�, ��,�) is the waypoint j of the aircraft k along the path. 

���,� is the radius of the obstacle i.  

Using Maclaurin series  to expand arccos(x) in the object function [225] as shown in 

Equation (5.5) [226].  
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However, omitting the terms with high order x will decrease the optimality of the 

solutions. Instead, a mathematical model is used to simplify arccosine which can be seen 

in Equation (5.6) [227].  
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The equation is substituted into objective function to simply the calculation as shown 

in Equation (5.7)  
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 (5.7) 

 

After that, the author uses log function on the arccos (x) function. The final object 

function is displayed in Equation (5.8).  
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 (5.8) 

 

Figure 5.2.8 describes the flow chart of using Genetic Algorithm for the route planning 

of aircraft. The airspace is random sampled by initial population. After that, the fitness 

function is evaluated for the population. Based on the evaluation results, a portion of 

population is selected to generate next generations. The common genetic operators to 

generate next generations are mutation and crossover. Finally, the optimal path is reached 

when the path is clear from adverse weather conditions and minimum route distance is 

satisfied.   
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Figure 5.2.8 Flow chart of route planning based on Genetic Algorithm  
 

5.2.8 Restrictions and limitations 

As shown in Equation (5.9), the turning angle for the airplane should not exceed the 

maximum turning angle [228].                               

                                                       

max( )A n A
 

(5.9) 

As shown in Equation (5.10), the route deviation should also be within a limit. It means 

the airplane should not deviate from its original path too much [229].                        

                                                      

 max( )D n D
 

(5.10) 

As shown in Figure 3.3.2, aerial vehicles in the space airspace should also follow this 
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rule. As can be seen in Equation (5.11), the distance between two aircraft which share the 

same airspace should be at least 5 nmi [203].                       

 
( , ) 5Dist x y nmi

 
(5.11) 

As can be seen in Equation (5.12), the cost function should achieve the least value 

among all the other entries [230].    

    
( *) ( ),F n F n n N 

 
(5.12) 

 

5.3 Validation of path planning implemented on route structure  

With the growth of GDP and population, the air traffic demand grows rapidly in 

Southeast Asia especially in cities for example Kuala Lumpur, Jakarta, Singapore, and 

Bangkok [231]. Budget airlines are also one of the main factors which contribute to the fast 

increase of air traffic volumes due to cheap air tickets and point to point transit modes [232]. 

However, the current airspace and air route structures may not be capable of 

accommodating future air traffic. As a result, a comparative study on the current and new 

air route structures can help to identify benefits in terms of flight efficiency and route 

capacity. Such studies could be done on many Flight Information Regions (FIRs) in 

Southeast Asia.  

Pappas et al. [233] proposed a decentralized Air Traffic Management (ATM) 

architecture to increase the safety and efficiency of airspace. Under the free route concept, 

the pilots can decide the 4-dimensional routes instead of following discrete airspace 

structure. The useful airspace is expanded and airspace capacity is largely increased. The 
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author proposed methods for the conflicts resolution in the decentralized ATM structure.  

Han et al. [234] designed a new airway parallel to the original single airway between 

Beijing and Shanghai to form the parallel navigation airway. Air traffic control intervention 

is also studied by the author to assess the security of the proposed airspace structure. The 

results show that the structure is helpful for the improvement of sector airspace capacity.  

Tomlin et al. [235] designed hybrid control of the next generation ATM to allow the 

vehicle to switch flight mode and solve conflicts. The authors found that fast-time 

computers on board and in the control tower could help to build more advanced air traffic 

management systems. The autonomy of the aircraft could be increased if the aircraft avoids 

the ground-based air traffic control and the predefined airway fix points. The optimal path 

of the aircraft could also be planned based on the current situation.  

Sunil et al. [236] developed methods to establish the relationship between the 

structuring of traffic and the airspace capacity. Large scale simulation was used to compare 

four airspace concepts. The simulation showed that the traffic structure must include the 

traffic demand pattern in order to increase the future capacity. A decentralized layered 

airspace concept had the best performance in safety, efficiency, and stability.  

In this paper, the authors consider the case of Manila FIR for the comparative study. 

Philippines had the largest index of projected population growth till 2050 among all the 

Southeast Asian countries according to the United Nations Medium Projection [237]. The 

air traffic volumes in the Philippines could be expected to grow significantly in the future. 

The authors propose the implementation of free route concept to Manila FIR to 

accommodate future traffic demand.  
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System for air traffic Assignment and Analysis at a Macroscopic level (SAAM) 

software developed by EUROCONTROL is used to display the route structure redesign 

results in comparison with the original route structure [238]. Figure 5.3.1 shows the Manila 

FIR air traffic data on one specific day by SAAM. The simulation in SAAM can give a 

macroscopic view of the air traffic and can be used to design airspace and route structure. 

 

 

Figure 5.3.1 Current air traffic in the Philippines 
 

Free route concept emerged as a result of the development of advanced tracking, 

prediction and communication equipment [239, 240]. Free route can replace the rigid route 

structure which could in turn lead to more direct or wind-optimal trajectory [241]. Free 

route also improves the airspace efficiency and safety and is one of the key elements of the 

next generation ATM. In addition, free route increases the safety operation of the flight 

especially in adverse weather conditions and congested airspace. It also reduces the 

workload of the air traffic controllers (ATCs). The weather information and obstacle 

information can help pilots in making the right decision to guide the aircraft safely.  

The weather information for the aircraft given by the current ground stations is always 
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delayed. However, in the free route scenarios, the equipment on board can detect the real-

time environment information and provide suggestions to the pilots to avoid dangers. 

Free Route Airspace was initiated among European member states by 

EUROCONTROL in 2008. In free route airspace, users can plan a route from the entry 

point to the exit point, but the flight is still under the ATC [242]. Currently, 30 out of 64 

European ACCs have already fully or partially implemented free route. The ultimate goal 

is to create the Single European Sky (SES) [243].  

Another key element for both free flight and free route is the automatic dependent 

surveillance - broadcast (ADS-B) [244]. ADS-B can replace the current secondary 

surveillance radar used in air traffic control (ATC). ADS-B can provide surrounding aircraft 

information and meteorological information in the airspace. The use of ADS-B can reduce 

the separation distance and increase the capacity of airspace.  

In this study, it is assumed that the free route concept has already been implemented in 

the Manila FIR. The analysis of the free route scenarios in the Manila FIR is conducted 

using SAAM software and the airspace efficiency of free route structure is compared with 

that of the current route structure. The results show that the free route structure can largely 

increase the airspace capacity and efficiency. This approach could be used to test the 

effectiveness of free route airspace concept in other ASEAN FIRs.   

5.3.1 Manila FIR  

As shown in Figure 5.3.2, the light blue block represents the Manila Flight Information 

Region (FIR). In this study, the focus is on the route structure redesign in the Manila FIR. 
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The route structures in other FIRs can be improved using the same method.   

 

 

Figure 5.3.2 Manila FIR 
 

5.3.2 Current route structure 

Figure 5.3.3 shows the current route structure in Manila FIR. The priority must be 

given to the busiest city pairs. In Manila FIR, the busiest city pairs are Manila and Cebu. 

In ASEAN FIRs, the busiest city pairs with Manila FIR are Manila - Singapore, and Manila 

- Hong Kong. In this study, the focus is on Manila FIR. As the number of aircraft increases, 

Manila-Cebu airways would encounter the highest traffic volumes and therefore, the design 

of a new airspace route structure would benefit air traffic between Manila and Cebu 

significantly. The author applies free route concept on Manila FIR to improve the current 

route structure and enhance the airspace capacity. Free route could also increase the 

capacity as it can use more airspace than the current discrete route structure.  
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Figure 5.3.3 Manila FIR route structure 
 

Figure 5.3.4 shows the entry rate for this specific day in the Manila FIR. The total 

number of aircraft is 1,245. The entry rate reaches its highest-level around 0200 UTC to 

0500 UTC at around 80 flights. After that, the entry rate decreases slowly until 1500 UTC 

at around 20 flights. From 1500 UTC onwards, the entry rate starts to go up until the next 

day. Thus, the airspace experiences high workload at around 0200 UTC to 0800 UTC while 

lesser flights are observed at around 1500 UTC to 2200 UTC. 
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5.3.3 Assumptions 

In order to simplify the scenario, the author makes the following assumptions.  

1) There are no restricted areas in Manila FIR. As a result, the whole FIR is accessible 

to any aircraft in our simulation.  

2) Free route is already approved and achieved in Manila FIR. 

3) In the case of conflicts, air traffic controllers separate conflict flight to keep a safe 

distance. Then, the pilots start to deviate the aircraft vertically or horizontally. 

4) We only consider the en route flight from flight level 16 to flight level 600. 

Free route is created by straight airway but under control of ATCs. 

The available flight levels in Manila FIR are FL260, FL300, FL330, FL370, FL410 

and FL460. 

5.3.4 Conflict resolution  

The horizontal separation is at least 5 nautical miles as shown in Equation (5.13). In 

usual operations, the minimum vertical separation is 2,000 ft above 29,000 ft and 1,000 ft 

below 29,000 ft [245]. In this study, the vertical separation is fixed at 2,000 ft as seen in 

Equation (5.13). The conflicts of two aircraft can be divided into cross track, head to head 

and run after. The pilots guide the aircraft horizontally with a minimum 5 nmi separation 

or 2,000 ft separation vertically in order to avoid the conflicts. Horizontal separation is not 

considered if flight levels separation are larger than 2,000 ft [246].   
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                          (5.13)             

5.3.5 3D path planning based on multi-fusion of Genetic 

Algorithm and Particle Swarm Optimization algorithm 

PSO and Genetic Algorithms (GA) are similar in both starting with random solutions 

and using iteration to update generations. The particles follow the current optimal particles 

in the work space. The main difference between PSO and Genetic Algorithms is that 

evolution operators do not exist in PSO [247]. PSO method has fewer parameters to define 

than GA method. PSO is easy to apply to several research fields for example, optimization 

problem, system control problem and neural network training [248].   

As discussed previously, the advantage of PSO algorithm is its convenience and 

rapidity to implement. Moreover, the path is curved which is more similar to real aircraft 

path. The advantage of GA algorithm is that it can deal with complex and hard path 

planning problems. As a result, the author combines the good merits of the two algorithm 

to form a 3D path planning which is easy to implement and is able to solve complex multi-

agent path planning in the airspace.  

In the less dense flight airspace, free route zone can be achieved [243]. Despite the fact 

that pilots could guide the vehicle freely, a reference route was also shown to the pilot in 

the onboard computer generated by algorithms. Here, the author uses the PSO algorithm 

[249] to find the optimal path without obstacle collision in the XY horizontal plane. GA 

algorithm is used to take care of the vertical profile to recommend the climbing and 
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descending of aircraft. However, the pilots can drive different paths based on their own 

intentions as long as the aircraft is safe from minimum separation and adverse weather 

[156]. 

The plane would maintain the current flight level in the free flight scenarios in order 

to achieve maximum fuel efficiency until the plane encounters obstacles or adverse weather. 

When two aircraft approach each other, the separation shall follow the right of way rule 

which is agreed internationally [250]. When the two aircraft are approaching head-on, both 

aircraft shall alter the heading or altitude and when two aircraft are converging or taking 

over, the aircraft being taken over or converging on the right has the right of way.  

The objects of the path planning problems are airplanes in the free flight airspace. The 

airplanes stay in the stratosphere and maintain the current flight level until they need to 

avoid obstacles or exit the free flight stage for landing purpose.  

When there are no obstacles around some aircraft, the Z coordinates for them would 

be a constant. The path planning for these aircraft would change to a 2D path planning. The 

path planning would be purely based on PSO methods to generate efficient paths. The 

current coordinates on XY horizontal plane (x�, y�)  would be updated based on the 

calculation results from PSO methods.   

When two aircraft encounter each other or adverse weather appears, path planning 

would be based on GA algorithm in order to avoid the obstacles in complex environment. 

After the path for the 3D obstacle avoidance is generated, discontinuous segments are 

rounded at the corner to form a smooth path.  

Path rounding method is added after the obstacle avoidance path by GA is generated 
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as seen in Figure 5.3.5. The cruising speed of aircraft is around 500 knots. We can calculate 

the turning radius of the aircraft based on the bank angle and cursing speed. This method 

is to make the 3D path more smooth and close to reality for aircraft [251]. Based on 

Equation (5.14), we can calculate the smooth and continuous curved path [252].   
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                    (5.14) 

By experience [251],  

� = 1% × ������� and � = 0.1 × ������� + 7 

������� is the cruise speed.  

� is the travel time during the turning.  

� is the turning radius.  

�(��, ����) is the turning angle of the aircraft between two neighboring segments. 

� stands for the bank angle of the turning aircraft.  

g is the gravitational field strength.  

 

Figure 5.3.5 Smooth path processing 

 

As seen in Figure 5.3.6, the aircraft keep the current flight level and follow the path 
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generated by Particle Swarm optimization until it detects the adverse weather. Genetic 

algorithm would generate a clear path avoiding the adverse weather and also increase the 

current flight level to a higher flight level until the aircraft is safe from adverse weather 

conditions. After that, the aircraft would keep the new flight level to achieve the fuel 

efficiency.                             

 

 

Figure 5.3.6 Simulation on avoiding adverse weather cloud 
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5.3.6 Free Route Simulation 

 

 

Figure 5.3.7 Free route simulation in SAAM 
 

The free route simulation is done in SAAM. As seen in Figure 5.3.7, in free route 

airspace, entry points and exit points are linked with straight routes [242]. This route 

structure can greatly shorten the route distance and travel time. Moreover, the free route 

can also decrease the fuel consumptions and gas emissions which can benefit the 

environment. A comparison between free route structure and current airspace structure is 

done in the next section.  

5.4 Results Analysis and Discussion 

5.4.1 Comparison between free route and current route 

structures  

As shown in Figure 5.4.1, the purple line shows the free route airspace structure and 
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the green line shows the original route structure. The graph clearly shows that free route 

structures are simpler and more direct than the current discrete route structure.  

 

 

Figure 5.4.1 Free route compare with current route structure 

5.4.2 Environment benefit  

The environmental benefit for the free route is obvious. The number of flights which 

is impacted by the implementation of free route is 1,137 as seen in Table 5.1. The total 

saving length and saving flight time by the implementation of free route are 16,417.66 nmi 

and 2,204.27 mins, respectively. Besides, Table 5.1 also demonstrates the environment 

benefits for the free route airspace. With free route implementation in the Manila FIR, the 

fuel consumption can be saved up to 121,457.61 kg when compared to the current route 

structure. As a result, CO2 emissions and NOX emissions would decrease by about 

383,810.244 kg and 1,761.62 kg, respectively. This significant saving in fuel not only 

reduces expenses for the airlines but can also help to reduce impacts of climate change. 
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5.4.3 Capacity improvement 

Under the current separation rules, for the en route aircraft, the horizontal separation is 

5 nmi. If the separation rules stay the same, the airspace could accommodate more aircraft 

in the free route scenarios. Due to the utilization of more airspace, the possible routes which 

link the entry points and exit points could be decided by pilots. Instead of following the 

discrete waypoints in the current airspace structure or following the straight routes, all the 

potential routes can be taken as long as there is no collision or invasion of restricted areas.   

5.4.4 Workload reduction  

The workload for the air traffic control officers (ATCOs) decreased as a result of the 

free route structure. As shown in Figure 5.4.3, the schematic diagram shows that the 

workload for the Executive Controllers (ECs) in free route scenarios is around 21.8% lesser 

than that of the current airspace structure. Figure 5.4.2 illustrates that free route has reduced 

the workload of the Planning Controller for around 43.1%. Overall, the workload for both 

the executive ECs and PCs has decreased. The relief of the ATCs workload can contribute 

to higher safety operation level of air traffic control and let ATCs be capable of handling 

more aircraft.  
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5.4.5 3D multi-agent path planning simulation results 

Figure 5.4.4 shows the multi-agent path planning result. In this simulation, three 

aircraft share the same airspace. Adverse weather condition is simulated by a spheroid. 

Three aircraft start at (-10, -10, 10), (-10, 10, -10), (-10, 0, 10), respectively. The 

destinations in this airspace are (10, 10, 10), (10, -10, 10), (0, -10, 4), respectively. Three 

optimal routes are marked in different color as seen in Figure 5.4.4. Three aircraft avoid 

each other while keep a minimum distance away from the adverse weather conditions.  

 

 

Figure 5.4.4 Multi-agent path planning based on GA 
 

The optimal routes are generated in 3D airspace. Each path, including the cruising 2D 

path planning, is smoothened to make the path practical for the aircraft to adopt. The results 

are demonstrated in Figure 5.4.5 and Figure 5.4.6.   

 



 

165 
 

    

Figure 5.4.5 Smooth route process without cruising 
 

Figure 5.4.6 shows the smooth path including the 2D cruising period and 3D adverse 

weather condition period. The 2D path is based on PSO method while the 3D path is based 

on GA.  

 

 
Figure 5.4.6 Smooth route process with cruising 2D path 

 



 

166 
 

5.5 Summary 

The path planning algorithm based on the Particle Swarm Optimization and Genetic 

Algorithm can successfully find the most efficient path while avoiding the hazardous 

weather and airspace conditions. Besides, the obstacles can be randomly distributed so that 

the author can have as many scenarios as possible to test the efficiency of our algorithm. 

The algorithm can find the optimal path with the least traveling distance and least energy 

cost while avoiding prohibited areas, adverse weather, and surrounding aircraft in the 

simulation environment. In the free flight scenarios of future ATM, 3D multi-agent path 

planning would be very helpful to manage and coordinate airspace users. In conclusion, 3D 

multi-agent path planning may benefit ATM by decreasing the chance of accidents caused 

by bad weather and other conflicts, saving energy consumption and making the route more 

eco-friendly. Under the free flight scenario, the algorithms could raise the airspace capacity 

and efficiency for a better future air traffic management.   

In this study, the author proposes the implementation of free route airspace in Manila 

FIR in order to increase the airspace capacity and efficiency in the Philippines. The aim of 

this study is to cater for the increasing number of aircraft in the airspace. The airspace 

utilization rate in the current discrete airway point structure is very low. By implementing 

the free route airspace, there is an increase in capacity. Since pilots could plan the aircraft 

freely between the entry points and the exit points, there is a decrease in workload for 

ATCOs. Moreover, the advantages of changing from current route structure to free route 

structure include lower flight traveling time and decreased energy consumption. Free route 

structure could contribute significantly to curb climate change impact because greenhouse 
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gases are mostly emitted from vehicles and aircraft.  

In general, this study uses simulation to justify the benefit of implementing the free 

route airspace in Manila FIR.   

The future work for this study could include the following: 

1) Expand the justification of free route concept to other ASEAN FIRs.  

2) Include more parameters to make the simulation closer to real scenarios. 
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CHAPTER 6  

CONCLUSION AND FUTURE WORK 

6.1 Conclusions 

At first, the number of aircraft in the airspace and the number of passengers show rapid 

upwards trends. Consequently, there is a strong need to forecast the passenger volumes in 

the future. The author deploys a recurrent neural network for the forecasting of passenger 

volumes in Changi Airport from 2018 to 2022. The input factors are GDP, population, 

unemployment rate and jet fuel price. The author compares RNN with other prevailing 

econometric methods and found that RNN has the best performance in supporting multiple 

variables as inputs and in having more accurate fitting results when external shocks happen. 

The author uses the historical data of the four factors to train and validate the recurrent 

neural network in order to get the biases and weights of the hidden layer. Finally, based on 

GDP, unemployment rate, aviation fuel price and population data, the author uses the 

validated weights and biases to forecast the passenger volumes. The results show that 

recurrent neural networks can have a better fitting accuracy for the total passenger volumes 

than other econometric methods. The results also illustrate that the forecasting is promising 

to be used as reference for the future expansion of the airport. Both the training results and 

the forecasting results have high R-values. The time series regression recurrent neural 

network methods are suitable for dynamic and nonlinear situations which are close to the 

real situations. Overall, the author develops forecasting tool with multiple economy 

variables as inputs based on recurrent neural networks. In reality, passenger volumes are 
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affected by more factors. In this thesis, the author only considers four inputs.  

Based on the forecasting results, the passenger volumes and the aircraft volumes will 

ascend dramatically in the coming decades. More aircraft and passengers in the airspace 

demand better route planning methods and a clearer vision of the surrounding environment. 

Based on these concepts, the author develops 3D multi-agent path planning algorithm based 

on GA and PSO methods and studies the effects of the visual factors on the visual 

conspicuity.    

Specifically, 3D multi-agent path planning methods based on the Particle Swarm 

Optimization and Genetic Algorithms can successfully find the most efficient path while 

avoiding the hazardous weather and airspace restricted areas in the simulation environment. 

Moreover, the obstacles can be randomly distributed so that the author can have as many 

scenarios as possible to test the efficiency of his algorithms. The algorithm can find the 

optimal path with the least traveling distance and the least energy cost while avoiding 

prohibited areas, adverse weather, and surrounding aircraft in the simulation environment. 

In conclusion, 3D multi-agent path planning may benefit ATM in decreasing the chance of 

accidents caused by bad weather and other conflicts, saving energy consumption and 

making the route eco-friendlier.   

Last but not least, for the visual enhancement, the author conducts less costly and time-

efficient experiment to find the relations between each visual factor and visual conspicuity. 

This approach makes the measurement of plane landing and departure conspicuity easier 

and saves a lot of time and money instead of doing field tests. Besides, the results show the 

relations of detection visual conspicuity versus search time or identification conspicuity 
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versus search time efficiently. The fitting curve by the implementation tool clearly 

demonstrates that the search time drops when the visual conspicuity increases. The author 

studies the separate relations between visual conspicuity and visual factors including 

contrast, brightness, chromatics and sunlight. Then the author builds a mathematical model 

of visual conspicuity with all the visual factors. As a result, actual field tests can be replaced 

by simulation in the lab if the simulation has been validated for its efficiency and accuracy. 

Based on the experiment results, research on finding the right combination of visual 

parameters can both help pilots and air traffic controllers to better observe the surrounding 

environment.  

6.2 Major contributions 

In this study, the author firstly forecasts the passenger volume trend for the next 5 years 

in Changi airport. The study shows that the number of aircraft in the airspace and the 

number of traveling passengers both increase rapidly. Then based on the forecasting results, 

the author proposes 3D multi-aircraft path planning algorithms under adverse weather 

conditions. Moreover, the author conducts experiments on relations between visual factors 

and visual conspicuity. 

The major contributions of the author’s research are as follows: 

 Give a mid-term forecasting of the passenger volume for the next 5 years at 

Changi airport based on a recurrent neural network. 

 Validate the weights and bias for the 1-layer neural network by using historical 

data, and define relationships between passenger volume and factors including 
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GDP, population, jet fuel price and unemployment rate.  

 Study the factors which have effects on visual conspicuity, including 

chromatics, brightness, distance, sunlight, reflection and contrast.  

 Establish a mathematical model of visual conspicuity with all the visual factors.  

 Develop a novel 3D multi-aircraft path planning method based on Particle 

Swarm Optimization and Genetic Algorithm in order to help the aircraft to re-

plan the route under adverse weather conditions and emergency situations.  

6.3 Recommendations for future work 

6.3.1 Passenger volume forecasting 

Passenger volumes are affected by many factors. In this study, the author only 

considers jet fuel price, unemployment rate, GDP and population. In the future, the author 

can consider other factors, for example, passenger traveling preference, destination facility 

development, safety reasons, transportation convenience and airport distance etc. The 

forecasting will be more accurate and closer to the real data as the number of factors goes 

up. The RNN would contain more layers and the structure would become more complex. 

Passenger volume forecasting is very necessary for the government and the airport to make 

plans for the future passengers and future air traffic management.  

In addition, except for the passenger volume forecasting, the author will also expand 

the forecasting model to estimate air traffic volume, city pair traffic and Southeast Asian 

air traffic. As cooperation between Southeast Asian countries become closer, ASEAN 

seamless airspace emerges which is similar to the Single European Sky. The forecasting of 
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air traffic in Southeast Asia will help the governments to foresee the future demand in air 

traffic and make decisions which can benefit the Southeast Asian air transportation.        

6.3.2 Visual conspicuity 

During the visual conspicuity experiments, the author studies the relations between the 

single factor and the visual conspicuity and finds how the visual factors can affect the visual 

conspicuity. The approach is very useful for assessment of the approaching and departing 

airplane conspicuity.  

The future work will involve research on finding the right combination of visual factors 

to generate the maximum visibility under different conditions, due to that all the visual 

factors work together to create visual effects in reality.   

Beside the theoretical contribution, practical application of the models is also very 

important. The visual conspicuity results may be implemented to create an observing 

environment for the ATCs to observe the surrounding airspace and obstacles optimally.  

6.3.3 3D Aircraft multi-agent path planning 

The future work for the path optimization is to develop the 3D multi-agent path 

planning algorithms for more dynamic situations. The dynamic situations mean that the 

adverse weather and the aircraft are both moving in the airspace. The algorithm should 

allow the aircraft to find the optimal path with the ability to avoid all the moving obstacles. 

Moreover, the aircraft path planning methods also need to satisfy the airspace restrictions 

and rules. Finally, increasing the number of aircraft in the simulation might be useful. 
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Although the computing speed might be limited by GPU or CPU capacity, this can be 

solved as the quantum computing advances or cloud computing services such as Google 

Cloud and Amazon Web Service become more accessible. With unprecedented computing 

resources, highly complex algorithm can be implemented in real time to help aircraft to 

determine the best route.   

6.4 Limitations 

6.4.1 Passenger volume forecasting 

The limitations of passenger volume forecasting based on RNN time series prediction 

are as follows: 

 Not all of the forecasting methods are compared with RNN time series 

prediction in this study.  

 Intermediate results are very hard to be intercepted from RNN. Layer setup and 

neuron amount affect the forecasting results. It is relatively hard to finalize and 

control RNNs to increase forecasting accuracy.  

 Training and validation of RNN model cost computation time.  

 RNN performs better than other methods especially when the input data is big. 

Otherwise, the advantage is not so significant.  

6.4.2 Visual conspicuity study 

The visual conspicuity study is conducted in lab simulation. The limitations of visual 

conspicuity of approaching and departing aircraft are as follows: 
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 The chromatic effect on visual conspicuity is examined by changing 

background color. The colors in this study are sampled evenly from the color 

space. However, all colors should be taken into consideration in order to get the 

precise chromatics for maximum visual conspicuity.     

 The effect of visual factors on visual conspicuity is studied in this simulation. 

However, how visual factors can benefit the visibility for the real tower 

controllers is not covered in this thesis.  

 The subjects for visual conspicuity experiment are not tower controllers.  

 More visual effect implementation tool can be used other than Photoshop.  

 A mathematical model of visual conspicuity with all the visual factors is 

established. The combination of visual factors which can reach the maximum 

visual conspicuity is outside the scope of this thesis. 

6.4.3 3D multi agent path planning  

The author designed a multi agent path planning based on GA in free flight airspace. 

The limitations of 3D multi agent path planning based on GA are as follows: 

 The simulation is based on the hypothesis that the airspace is free flight airspace. 

Free flight airspace is not implemented in current airspace structure in ASEAN 

regions.  

 The adverse weather conditions are represented by only spheres in this 

simulation. While in practical situation, the adverse weather conditions are 

irregular in shape.  
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 Only three aircraft are demonstrated in this multi agent path planning 

simulation based on GA. More aircraft should be included to examine the path 

planning in crowed airspace.   

 GA performs slowly when the number of aircraft increases. Too many iterations 

can cost a lot of computation memory. Other methods should be explored when 

there are large number of aircraft.  

 The path generated by GA is suboptimal path by trading off between travelling 

distance and adverse weather avoidance.  

 The multi agent path planning is built in simulation environment. Field test 

should be conducted to validate the route planning algorithm on real aircraft.  
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APPENDIX A 

A.1 Visual factors table 

 

Figure A.1.1 Complete Lightness changing influence from -140 L to 80 L 

 

Figure A.1.2 Complete Hue changing from -180。to +180。 

 
 


