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Abstract
This study presents a stochastic mixed-integer linear programming model for the aircraft sequencing and schedul-
ing problem. The proposed model aims to minimise the average fuel consumption per aircraft in the Terminal
Manoeuvring Area while considering uncertain flight durations for each flight. The tabu search algorithm was
selected to solve the problem. The stochastic solution and deterministic solution results were compared to show the
benefits of the stochastic solution. The average sample approximation technique was applied to this problem, and
enhancement rates of the average fuel consumption per aircraft were 8.78% and 9.11% comparing the deterministic
approach

Nomenclature
A arrival
ASSP aircraft sequencing and scheduling problem
ATCOs air traffic control officers
CPS constrained position shifting
D departure
EV expected value
FAP final approach point
FCFS first-come first-served
LB lower bound
LTFJ Istanbul Sabiha Gökçen International Airport
MILP mixed-integer linear programming
NM nautical miles
PMS point merge system
PSO particle swarm optimisation
RP here-and-now solution
SA simulated annealing
SAA sample average approximation
SP stochastic programming
TMAs terminal manoeuvring areas
TS tabu search
UB upper bound
VSS value of stochastic solution
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1.0 Introduction
The worldwide COVID-19 pandemic has significantly affected air traffic operations since 2020, which
saw a decrease of 63.3% in the total number of global passengers compared to the previous year.
According to the estimations, the amount of traffic before COVID-19 can be reached in 2023 with
the availability of the vaccine [1]. Therefore, air traffic data generated in the pre-COVID period can
shed light on future planning. The average yearly air traffic flow management delay per flight in the
network increased from 0.92 minutes to 2.17 minutes between 2013 and 2019 [2]. According to the
analysis of Airports Council International, the global average annual growth rates of passenger traffic,
air cargo and aircraft movement were predicted as 4.5%, 2.5% and 1.9%, respectively, between 2016
and 2040. This increasing demand for air transport will lead to an increase in congestion and delays
in airspaces. Air Traffic Control Officers (ATCOs) will especially face a problematic situation in the
Terminal Manoeuvre Areas (TMAs) because they control traffic in limited airspace. TMAs are transit
points between airports and en-route control areas. ATCOs try to provide appropriate aircraft sequencing
to maintain safe separation among the selected airspace. This problem is called the Aircraft Sequencing
and Scheduling Problem (ASSP), which is very important to reduce airborne and ground delays. ATCOs
can use advanced decision support systems and mathematical models according to the desired objective
to provide effective aircraft sequencing. However, estimating aircraft departure/arrival time is complex
and includes many uncertainties relating to aircraft operations or weather conditions.

2.0 Literature review
This paper aims to obtain resilient aircraft sequencing while considering the uncertainties of flight dura-
tions in the TMAs. The ASSP consists of both aircraft landing and take-off problems. Comprehensive
literature reviews were presented in [3–5]. The literature can be divided into two main groups, using
either exact or metaheuristic approaches. Commonly used exact solution approaches are mixed-integer
programming [6–14], the branch and bound algorithm [15] and dynamic programming [16–18].
The most common metaheuristic algorithms are the tabu search [19–22] (TS), simulated annealing
[23–26] (SA), variable neighborhood search [27], ant colony optimisation [28, 29], the genetic algorithm
[30–34], scatter search [35] and particle swarm optimisation [36, 37] (PSO). Moreover, the heuristic
algorithm [38] is also implemented for this problem. In addition to the different solution approaches,
the objectives in related studies are not the same, these include the following: minimising total cost [7,
9, 11, 12, 17, 35, 37, 39–46], minimising total delay [3, 6, 8, 14, 16, 18–20, 22, 23, 25–29, 31, 34, 42,
47–50], minimising the deviations from the target landing time [51], minimising workload [20], min-
imising fuel consumption [6, 13, 21] and minimising completion time [5, 6, 10, 15, 16, 21, 38, 46, 47,
49, 52–55]. As this paper focuses on the uncertainties in TMAs and aircraft operations, the following
studies are worth mentioning in detail as they consider stochastic ASSP. Sölveling et al. [46] proposed
two-stage stochastic programming (SP) for runway scheduling, including the uncertainties caused by
pushback and taxiing movements. The results showed that the stochastic method improved the results of
both deterministic and first-come first-served (FCFS) approaches. Sölveling and Clarke [14] developed
a stochastic branch-and-bound algorithm to reach feasible solutions quickly. The outcomes indicated
that the algorithm could decrease the makespan time by 7% compared to the deterministic approach.
Choi et al. [56] developed a heuristic approach based on mixed-integer linear programming (MILP) for
the aircraft scheduling problem using an efficient route structure in the extended TMAs compared with
FCFS strategy solutions. Uncertainties were added to their model using extra separation buffers. Heidt
et al. [57] proposed a stochastic mixed-integer programming approach for the runway scheduling model.
They first presented a deterministic model then added uncertainties to the model. The results revealed
that stochastic aircraft sequencing could generate a more stable traffic flow. Ng et al. [58] proposed a
robust aircraft sequencing and scheduling model for parallel runway operations using the artificial bee
colony algorithm. The min-max regret approach was taken into consideration for the generated scenar-
ios. Their algorithm generated a feasible solution in 5 minutes and showed a better performance than
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other metaheuristic algorithms. Murça [59] presented a MILP model for metering aircraft departures
considering uncertainty in the taxi-out process. The model reduced runway delay and increased the pre-
dictability of take-off time. Solak et al. [60] presented two different stochastic programming models and
used two different solution methodologies based on Lagrangian-Based scenarios and the sample average
approximation (SAA). Their results indicated that both models could generate feasible and high-quality
solutions. Liu et al. [34] presented a two-stage SP model for ASSP using the uncertainties of arrival time
with a single runway. The first stage in their approach searches for the aircraft weight class assignment,
followed by the second stage, which aims to assign each flight a position in the sequence. Similarly,
Khassiba et al. [61] presented a two-stage SP model for the ASSP. It used simulation-based validation,
which showed that the proposed approach could reduce the potential conflicts by 70% while increas-
ing the arrival rate by 7.7%. Their findings revealed that their model significantly reduced the need
for a holding stack by a few hours through integrating upstream linear holding. Hong et al. [38] devel-
oped a two-stage stochastic MILP model for the aircraft landing problem (ALP). They implemented the
PSO algorithm because of the complexity of the model and utilised the point merge system (PMS) to
manage arrival traffic. The model used the uncertain descent times from sequencing legs to the final
approach point for each aircraft. Cecen et al. [26] presented a stochastic MILP model for a single-
runway airport. They used the SA algorithm to obtain an optimum or near optimum solution quickly.
The model used the PMS to regulate arrival traffic and integrated the uncertainties of two different wind
directions for the sequencing legs’ upper and lower flight levels. The results revealed that the stochas-
tic approach reduced the total aircraft delay compared to the deterministic approach. According to the
results, as the number of aircraft increased, the value of stochastic solution (VSS) value also increased.
Ng et al. [54] presented a robust optimisation model for the terminal traffic flow problem. They consid-
ered the effects of wind direction and hazardous weather on the airspeed value as an uncertainty. They
enhanced the Benders-Decomposition method and compared the results with the conventional Benders-
Decomposition method. The results showed that the proposed method had increased the qualities of the
solution. Increases in flight duration reduce airspace capacity, create longer flight times, greater fuel
consumption, and changes in the arrival sequence. The main problems here are that the re-sequencing
process generates extra delays for the aircraft set and increased fuel consumption. In addition, uncer-
tain flight durations and delays affect the airport’s gate assignment plans (i.e. gate planning, taxi route
assignment). Furthermore, the delays can also lead to some changes in cabin crew schedules, which
considerably raises the economic costs of re-scheduling.

Optimising fuel consumption per aircraft by considering flight duration uncertainties can help airlines
and governments decrease financial costs and environmental effects. Less fuel consumption reduces the
amount of petroleum needed and gas emissions from the aircraft (i.e. carbon dioxide, carbon monox-
ide, nitrogen oxide, and hydrocarbon). As environmental pollution negatively affects human health and
nature, it directly causes governments to spend more money, which can be reduced as fuel consumption
is lowered. Ensuring resilient sequencing allows for lower fuel consumption which reduces the airline’s
operating costs Unlike Hong et al. [38] who used uncertain aircraft arrival times from sequencing legs
to the merge point and Liu et al. [34] who considered uncertain aircraft arrival times, we concentrated
on the uncertain flight times for each aircraft using historical data.

Our contributions are presented as follows. The model is based on individual flight duration uncer-
tainties for arrival operations, and we propose a MILP model using the SAA method to solve this
problem. To the best of our knowledge, individual flight duration uncertainties and the relationship
with fuel consumption in the TMA have not been investigated in the ASSP literature.

This study presents a stochastic MILP model for a single and mixed operations runway to minimise
average fuel consumption per aircraft. As aircraft sequencing depends on many variables, we focused
on the uncertain flight duration; therefore, these uncertainties affected the operation times directly. Fuel
consumption was estimated using three different operations. The first one is fuel consumption in descent
operations. The second is fuel consumption caused by vector manoeuvres to maintain safe separation
among the aircraft set. Suitable vector manoeuvres absorb airborne delays yet leads to more economical
costs. The last operation is fuel consumption caused by ground holding duration.
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Table 1. The minimum safety separation standards defined in terms of
distance [39] (NM).

Leading/Trailing Heavy Medium Small
Heavy 4 5 6
Medium 3 3 4
Small 3 3 3

Table 2. Time separations [39], in seconds.

Leading/Trailing A-A A-D D-A D-D
Heavy - Heavy 96 75 60 90
Heavy - Medium 157 75 60 120
Medium - Heavy 60 75 60 60
Medium - Medium 69 75 60 60

This paper is organised as follows: Problem description is explained in Section 3, and Section 4
presents the stochastic programming approach. Then, the mathematical model is defined in Section 5,
and the TS algorithm is presented in Section 6. Next, Section 7 discusses the computational results, and
lastly, the conclusions and further research are described in Section 8.

3.0 Problem description
3.1. Air traffic control
This paper studies the stochastic version of the aircraft sequencing problem for a single-runway air-
port. Aircraft flight durations are uncertain, and this situation directly affects the expected time of
arrival/departure and the delay for each aircraft. This uncertainty causes a lack of punctuality, weakens
efficiency, and increases the cost of flight operations. For these reasons, obtaining a resilient aircraft
sequence can help to reduce the fuel consumption per aircraft in the TMAs. ATCOs aim to effec-
tively regulate airborne and ground aircraft traffic to maintain conflict-free aircraft operations by giving
appropriate instructions to each aircraft. These instructions include altitude changes, speed changes,
and heading angle changes. Safe separations minima are assumed to be 5 nautical miles (NM) on the
horizontal plane and 1000 feet on the vertical plane. Each aircraft has an expected arrival/departure
time. This time determines the initial runway scheduling, which is defined as the FCFS sequence, the
commonly preferred method for ATCOs.

The FCFS method can lead to undesirable airborne and ground delays because of the aircraft separa-
tion manoeuvres. ATCOs can re-sequence the aircraft using vectoring and speed-changing techniques for
arrivals and ground holding for departures. The vectoring method allows aircraft to extend or reduce their
flight path, and speed changing also controls flight time. ATCOs can modify the initial aircraft sequenc-
ing using these techniques to minimise aircraft delays as much as possible. Dear [62] presented the
constrained position shifting (CPS) approach to ease the workload of ATCOs by allowing limited posi-
tion changing (ρ) in the initial aircraft sequencing. As well as this approach, Bennell et al. [4] presented
the concept of maximum time-shifting that limits the aircraft delay. In this way, an increase in flight time
was avoided as the CPS approach may cause long delays. In this study, we utilised the maximum time-
shifting constraint for departure aircraft. While the separation times between two consecutive aircraft
are either departure (D) or arrival (A) operations, aircraft performance categories (Heavy, Medium)
are used to estimate vortex separation minima that are given in Tables 1 and 2 according to the ICAO
documentation.

By considering the aircraft speed and leading-trailing sequence, the time separation is calculated for
each combination and presented in Table 2.
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Figure 1. Hourly distribution of landing, take-off, and total operations on August 17, 2018 [64].

3.2. Traffic analysis and assumptions
This study selected Istanbul Sabiha Gökçen International Airport (LTFJ) and its TMA for the mathemat-
ical model. The arrival route structure was employed at LTFJ. The airport has a single mixed operations
runway, designated 06/24, and is one of the busiest single-runway airports globally, with 35.5 million
passengers in 2019 [63]. August 2018, which is one of the most active months for operations so far, was
evaluated to achieve a realistic traffic distribution. The analysis found that August 17, 2018, represented
the peak traffic demand [64]. The hourly traffic data for the day of peak demand is presented in Fig. 1.

According to the traffic data, more than 95% of the flight belonged to the medium aircraft category.
As a result, in our study, we assumed that the heavy and medium aircraft distribution is 10% and 90%,
respectively, to evaluate the effects of the performance category mix. At LTFJ, aircraft use seven different
entry points into the TMA: IBADU, DRAMO, IZMAL, ETAMP, TOKER, GUMRU and GINLI (Fig. 2).
In addition, in this study, we assumed that both landing and take-off operations take place only on
runway 06.

Each arrival fight follows a pre-defined arrival path with the optimal fuel velocity. According to Fig. 2,
seven different arrival paths exist, and it is assumed that arrival aircraft should perform a suitable vector
mauver before TMA entrance to avoid congestion in the TMA. Extra fuel consumption caused by vec-
tor manoeuvres is calculated for each aircraft flight and added to our model. Generally, ATCOs prefer
to implement vector manoeuvre during peak hours within the TMA. This situation pauses descend-
ing operation for a while and changes descending trajectories. However, aircraft neither change their
arrival path nor their pre-defined descent angle during their descent operation in this study. In this way,
we aim to analyse how effective the vector manoeuvre is for maintaining the required delay durations.
Extended TMA operations allow ATCOs to regulate air traffic before entering conventional TMA bor-
ders. Therefore, aircraft can perform a suitable vector manoeuvre before entering the TMA, and traffic
congestion can be avoided. Saez et al. [48] stated that applying some manoeuvres during the en-route
phase to alter the TMA entrance time can prevent many aircraft conflicts.

According to their entry point, aircraft fly to one merge point into the TMA. The distance between
merge points and the final approach point (FAP) is 6 NM, and the length from FAP to the runway is
10 NM. Westbound and eastbound traffic are separated to prevent high demand at the merge points. In
addition, radar separation minima was set as 3 NM within the TMA.

Each departure has an operation time window that limits the latest operation time. With this approach,
significant delays are avoided for departures because fuel consumption is lower during ground holding.
On-time performance is a commonly accepted indicator for understanding punctuality for transportation.
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Table 3. The LTFJ airport destinations used in this study.

Adana Agrı Ankara Antalya Batman Bodrum
Bucharest Dalaman Doha Elazıg Erzurum Gazipasa
Izmir Kars Kayseri Kharkiv Kuwait Lviv
Malatya Moscow Ordu Rome Samsun Skopje
Trabzon Van Vienna Tymvou Basel

Figure 2. The route structure of LTFJ within the Istanbul TMA used in this study.

In the airline industry, an airline departure or arrival is considered to be on time if it occurs within
15 minutes of the scheduled time [65]. As this study aims to minimise fuel consumption, the model
reduces airborne delays rather than departure delays. We added the maximum departure delay to the
model to find the balance between arrival and departure operations and calculated fuel consumption
using the ground holding duration for each departure aircraft.

Flight duration is significant for the estimation time of arrival because this value may increase or
decrease the total airborne delay according to the traffic situation. Therefore, aircraft arrival times are
assumed to be stochastic due to these uncertain flight durations. In this model, flight durations are inde-
pendent uncertainties. The expected departure time is also considered to be stochastic and determined
using historical data for the departure operations. The deviation of the ground operations time for depar-
ture aircraft is calculated as a difference between the scheduled departure time and the actual departure
time. Therefore, the uncertainty of ground operations was considered in the model. To obtain the distri-
bution of each flight, we selected a specific period, between January 2017 and December 2019, for the
chosen airport and analysed all flight durations. The aircraft set was determined using historical flight
data, including several arrival and departure destinations. All aircraft flight duration data were taken from
the Flight Radar 24 database. Since LTFJ serves as a regional hub airport, it presents many flight options.
The arrival and departure aircraft set used in our analysis contained 29 different destinations, shown in
Table 3. The number of arrival operations to LTJF was 27, and the number of departure operations from
LTFJ airport was 19. The arrival set had 9 different international and 18 different domestic flight des-
tinations. Similarly, the departure set included 7 international and 12 domestic flight destinations. The
mean and standard deviations of each operation duration were estimated.
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Figure 3. The histogram of flight duration for Samsun-Istanbul flights.

Figure 4. The histogram of flight duration for Ordu-Istanbul flights.

To illustrate the flight duration distribution, two different routes are presented in Figs. 3 and 4.
The mean and standard deviation values 66.9 minutes and 5.1 for Fig. 3 and 75.4 minutes and 5.48

for Fig. 4. In this study, the expected time of departure/arrival for all aircraft is obtained using the expo-
nential distribution. For the arrival operation, we calculated the expected TMA entrance time using
the distance from the entry point to the runway and average airspeed according to the entry point for
each arrival aircraft. Furthermore, the expected TMA entry times were added to the model as a param-
eter. Descent operations were performed according to the BADA 3.11 [66]. The fuel consumption of
descending with idle configurations, approach, and landing phases were also calculated and added to the
model as a parameter. All calculations were implemented considering the entry point location because
it affects the descent operation. Because aircraft neither change their nominal velocity and extend nor
shorten the pre-defined route path during descend operation. When calculating the fuel consumption of
the departure aircraft during ground holding, it was assumed that their engines operate in idle mode,
and the unit fuel consumption value was taken from the ICAO database [67].
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4.0 Stochastic programming
Stochastic programming (SP) considers the uncertainties [68, 69]. There are two types of informa-
tion data for uncertain parameters: historical data and expert opinion. These uncertain parameters are
represented using two different approaches, continuous probability distribution and the scenario-based
stochastic approach. Each scenario has the same probability in this model. The general formulation of
SP is given as follows, where f(x) is the scenario-independent cost and Q(x, S) is the cost when sce-
nario S is realised. The objective function (1) of the problem includes the value of f(x) and the expected
value of Q(x, Sn) for scenario n. Some constraints of the model may be scenario independent, as given
in Equation (2), or scenario dependent, as given in Equation (3).

Minx(f(x) + 1

N

N∑

n=1

[Q(x, Sn)] (1)

subject to g(x) = a (2)

h(x, S) = b(S) ∀S (3)

This study applied the SAA technique for stochastic programming to solve many scenarios based on
Monte Carlo simulations [70]. The idea is to generate an M independent SAA problem, and the size of
N . A large scenario size also increases the efficiency of the model. SAA also allows us to calculate the
optimal gap. Using this value enables us to evaluate the quality of the solution. The detailed steps of the
SAA technique are given as follows:

1) For each independent SAA problem: 1, 2, 3, . . . . . . , M
a) Generate N scenario
b) Solve the corresponding problem

vj
n = Minx(f(x) + 1

N

∑N
n=1 [Q(x, Sn)] also vj

n can be defined as the optimum value for each
independent SAA problem where j=1, 2, 3, . . ., M.

2) Calculate the average of each independent SAA problem and the variance of this estimator

vN,M = 1

M

M∑

j=1

vj
n (4)

σ 2
N,M = 1

M(M − 1)

M∑

j=1

(
vj

n − vN,M

)2 (5)

3) Calculate the objective function for the original problem
a) Generate N ′ different scenario (N ′ > N)
b) Select a feasible solution

(
x̂
)

for the original problem and calculate the objective function for
this solution using N′ scenario

vN′ = f(x) + 1

N ′

N′∑

n=1

Q
(
x̂, Sn

)
(6)

4) Calculate the variance of this estimator

σ 2
vN′ = 1

N(N ′ − 1)

N′∑

n=1

(
f(x) + Q

(
x̂, Sn

) − vN′
)2 (7)
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5) Calculate the lower bound (LB), upper bound (UB), and optimality gap of the solution and the
variance of the gap

UB = vN′ (8)

LB = vN,M (9)

gap = vN′ − vN,M

vN′
(10)

σ 2
gap = σ 2

vN′ + σ 2
N,M (11)

To evaluate the proposed model, the expected value (EV ), here-and-now solution (RP), and the value of
the stochastic solution (VSS) were calculated. Firstly, we solved the deterministic ASSP assuming that the
flight duration is known in advance. Therefore, we included the expected value of the flight durations as
a parameter in the model. Secondly, we considered flight duration uncertainties while solving the model.
Finally, various scenarios were generated for the stochastic ASSP model to obtain the optimum aircraft
sequencing and calculate the objective function (RP). The difference between EV and RP indicates the
advantage of the SP, which is referred to as VSS.

VSS = EV − RP (12)

5.0 Mathematical model
The aim is to minimise the average fuel consumption per aircraft, and the entire mathematical model is
presented as follows. It was also assumed that aircraft perform a suitable vector manoeuvre when the air
traffic controllers give the related instructions for a specific altitude to maintain safe separation among
arrival aircraft.

Indices:

I set of aircraft i, i1, i2 ∈ I

L set of scenarios l, ∈ L

Parameters:
ri: The entry point into the TMA for aircraft i
pi: The operation type of aircraft i(pi = 1 departure, pi = 2 arrival)
ci: The performance category of aircraft i
si: The approach side of aircraft i for the merge points
Tpi1 pi2 ci1 ci2

: The separation time on the runway between operation types of pi1 and pi2 with aircraft performance
categories of ci1 and ci2

gi,l: The expected TMA entry time or departure time of aircraft i in scenario l
f hi: The fuel consumption per second of aircraft i for vector manoeuvres
f li: The fuel consumption per second of aircraft i for ground holdings
kri : The fuel consumption value for the descent operations of aircraft i, according to its entry point for arrival

operations, takes 0 value for departure operations.
B: The required time separation at the merge points
G: The maximum ground delay in scenario l for each departure aircraft i
H: The travel time between merge points and runway for arrival aircraft
M1: A positive number that is sufficiently high enough
O: The number of aircraft
N : The scenario size
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Decision variables:

whi,l: The delay duration for aircraft i in scenario l for arrival operations
wli,l: The delay duration for aircraft i in scenario l for departure operations
ei,l: The actual time of crossing the merge point of aircraft i in scenario l
qi,l: The arrival/departure time of aircraft i in scenario l
xi1 ,i2 : 0-1 variable that takes a value of 1 if aircraft i1uses the runway before aircraft i2; otherwise, it is 0
di,l: The total delay for aircraft i in scenario l

min
1

O
· 1

N

∑

i

∑

l

whi,l · f hi + wli,l · f li + kri (13)

Subject to

ei,l = gi,l + whi,l ∀ i, l | pi = 2 (14)

ei1,l − ei2,l ≥ B − (
xi1i2

)
M1 ∀ i1, i2, l | i1 �= i2, si1 = si2 , pi1 = 2, pi2 = 2 (15)

ei2,l − ei1,l ≥ B − (
1 − xi1i2

)
M1 ∀ i1, i2, l | i1 �= i2, si1 = si2 , pi1 = 2, pi2 = 2 (16)

qi,l = ei,l + H ∀ i, l | pi = 2 (17)

qi,l = gi,l + wli,l ∀ i, l | pi = 1 (18)

qi1,l − qi2,l ≥ Tpi2 pi1 ci2 ci1
− (

xi1 i2

)
M1 ∀ i1, i2, l | i1 �= i2 (19)

qi2,l − qi1,l ≥ Tpi1 pi2 ci1 ci2
− (

1 − xi1i2

)
M1 ∀ i1, i2, l | i1 �= i2 (20)

di,l = qi,l − gi,l ∀ i, l (21)

wli,l ≤ G ∀ i, l | pi = 1 (22)

ei,l, qi,l, di,l, whi,l, wli,l ≥ 0 ∀ i ∈ I ∀ l ∈ L (23)

xi1,i2 ∈ {0, 1} ∀ i1, i2 ∈ I (24)

The objective function given in Equation (13) is to minimise the average fuel consumption per air-
craft. Constraint (14) estimates the crossing time for arrival aircraft at merge points for each scenario.
Moreover, Constraints (15) and (16) maintain collision avoidance at the merge points if aircraft i1 and
aircraft i2 use the same merge point for the same scenario. Constraints (17) and (18) calculate the runway
use time for arrival and departure operations, respectively, for each scenario. Constraints (19) and (20)
check the vortex separations minima on the runway for each aircraft pair for the same scenario. Constraint
(21) calculates the delay of each aircraft for each scenario. Constraint (22) limits the maximum ground
delays. Constraints (23–24) are sign constraints.

6.0 Tabu search algorithm
Glover presented the Tabu Search (TS) algorithm in 1990 [71]. It can be adapted for various problems
(i.e. routing problem [72], assignment problem [73], job scheduling problem [74], hub location problem
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Figure 5. Initial aircraft sequencing representation.

Figure 6. Generation of neighbourhood aircraft sequencing.

[75]) because the algorithm can be implemented easily. The TS algorithm uses the initial solution, shown
in Fig. 5, and it was applied in our study to obtain optimum or near optimum aircraft sequencing in a
short computational time. Figure 5 shows that aircraft1 is assigned to the first position in the sequence
and aircraft 2 is assigned to the third position.

Additionally, the TS algorithm uses an interchange operation to produce neighbourhood solutions
which are shown in Fig. 6.

Figure 6 shows that aircraft 2 and 3 are in a different position to generate other solutions for the first
neighbourhood solution. Similarly, aircraft 1 and aircraft 3 were swapped to create another solution.
Any number of neighbourhood solutions can be generated using this technique. The algorithm also
uses the memory structure to avoid repetitions and discover another part of the solution space for a
pre-defined number of iterations. The algorithm calculates each solution’s objective functions for each
iteration, chooses the best solution, and puts the selected changes in the tabu list. After a certain number
of iterations, aircraft are removed from the tabu list, and tabu list size can be determined according to
the problem. The main objective of the tabu list is to ensure that the algorithm searches for the optimum
value by avoiding repetitions. Suppose any solution in the tabu list generates a better solution than the
best-found solution so far. In that case, the algorithm allows the selection of this solution to improve the
quality of the solutions. This operation is called the aspiration criterion.

7.0 Computational results
This section presented the test results that showed the effects of flight duration uncertainties. The stochas-
tic MILP model was tested in both the GAMS/CPLEX solver and the TS algorithm. It is significant to
analyse the performance of the TS algorithm; therefore, six independent traffic sets were generated, and
the results of GAMS/CPLEX solver and TS algorithms were compared. This comparison was made
to show whether TS algorithm can reach an optimum solution or not within a reasonable duration.
The results are presented in Table 4. The first column shows the test problem numbers, the second
and third columns show the objective function (z) and CPU time (sec) for the GAMS/CPLEX solver.
Similarly, the fourth and fifth columns give the objective function (z) (kg) and CPU time (sec) for the TS
algorithm.

As presented in Table 4, the TS algorithm reached optimum aircraft sequencing in test problems more
quickly than the CPLEX solver. The parameters used in the TS algorithm are presented in Table 5.

A computer with a 2.3 GHz Intel Core i7 processor and 16GB of RAM was used in all the com-
putations that were processed in MATLAB software. Exponential distribution was used to determine
expected runway use time for each air traffic set because it can accommodate the time between con-
secutive events as time flows continuously. The mean of exponential distribution shows the operation
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Table 4. The results of test problems.

GAMS/CPLEX TS

Test problem numbers z CPU z CPU
1 174.8 637 174.8 10.2
2 203.2 610 203.2 6.7
3 177.9 580 177.9 6.9
4 186.2 657 186.2 10.4
5 127 559 127 8.5
6 238 594 238 7.9

Table 5. The parameters of the TS algorithm.

Tabu Search Algorithm
Neighbourhood Solutions Size 10
Tabu List Size 7
Number of Generation 1000
Stopping criteria 100 iterations without an improvement in

Table 6. UB and LB of the SAA method found with M = 20, N=50 and
N=100, and N′ = 400.

UB LB gap

N E Std E Std R (%)
50 334 6.24 294.3 5.28 11.88
100 329.5 3.08 295.9 2.61 10.19

rate per unit time; therefore, the hourly traffic was used to obtain the mean value. After finding the per-
formance of the TS, 20 (M) sets of different air traffic were randomly generated with sizes of 50 (N)
and 100 (N) scenarios by only changing the expected runway use time using the normal distribution for
each air traffic set. Furthermore, uniform distribution was used to generate the operation type for each
aircraft. In addition, the TMA entry point assignments of aircraft were determined using historical data,
and each one has a specific probability. The test problem results are statistically presented for air traffic
set (M) and with size (N) in Table 6. The first column demonstrates the scenario size. Columns two and
three indicate the statistical upper bound (UB) (E) (kg.) and its standard deviation (Std). Columns four
and five display lower bound (LB) (E) (kg.) and its standard deviation (Std). The last column shows the
optimality gap (R) (in percentage).

According to the results, the standard deviations decreased for the upper and lower bound when we
increased the scenario number. Similarly, the optimality gap also declined as we increased the scenario
number. As Ertem et al. [76] indicated, increasing the scenarios maintains tighter confidence intervals
on the LB value. In the same way, a higher number of scenarios provides tighter confidence intervals on
the UB value. The EV (kg), RP (kg), and VSS (kg) of the test problems are given in Table 7, where the
first column shows the air traffic set, and the second to fifth columns show the EV (kg), RP (kg), VSS
(kg), and CPU (sec) times for the 36 aircraft for N=50. Similarly, the results of a N=100 are presented
in the following columns.

The results show that the proposed model could find VSS for each air traffic set with the size of 50
and 100. The enhancement rates were 9.11% and 8.78% for the N=50 and N=100, respectively. Also,
the minimum VSS results are 7.2 kg and 4 kg for the N=50 and N=100. The maximum VSS value
was found to be 67.4 kg in the N=50, whereas this was 57.7 kg for the N=100. These results indicate
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Table 7. Results of the TS algorithm for average fuel consumption (kg) per aircraft for 36 aircraft
per hour.

N=50 N=100

Air Traffic Set EV RP VSS CPU EV RP VSS CPU
1 252.2 241.5 10.7 32.1 254.4 243.5 10.9 98.1
2 265.4 247.1 18.3 41.2 264.9 249.9 14.9 125.3
3 336.1 328.8 7.2 26.5 335.6 329.4 6.3 176.1
4 375.2 329.8 45.4 73.4 371.4 331.7 39.7 129
5 390.5 353.9 36.5 17.5 390.4 354.2 36.2 113.4
6 369.5 305 64.4 8.6 364.5 315.4 49 74.7
7 236.1 204.1 32 29.3 230.2 202.9 27.3 104.6
8 459.5 392.1 67.4 24.9 462 407 55 96.6
9 304.8 288.2 16.6 31.5 317.6 291.4 26.2 84.2
10 363.6 350.6 12.9 23.5 354.7 332.2 22.4 91.8
11 328.3 315.4 12.9 49.6 335.7 311.4 24.3 63.5
12 250.5 221.7 28.8 19.8 265.4 219.7 45.6 96.9
13 419.6 363.1 56.6 56.8 415.9 368.5 47.5 109.5
14 355.4 301.3 54.1 25.5 353.2 295.5 57.7 139.3
15 258.3 248.1 10.2 56.5 250.7 236.1 14.7 95.7
16 220.1 202.3 17.9 27.9 219.9 215.8 4 103
17 361.9 334.2 27.7 14.4 366 336.3 29.8 143
18 278.4 265.7 12.7 29.1 280.4 266.1 14.3 97.4
19 412.8 376.3 36.5 23.3 414.8 376.8 38 137.5
20 237.3 217.1 20.2 52.6 239.5 233.8 5.7 77.9
Average 323.8 294.3 29.5 33.2 324.4 295.9 28.5 107.8

that as the scenario size increases, the difference between EV and RP decreases. In addition to this, the
average CPU times were 33.2 sec and 107.8 sec for the N=50 and N=100, and the maximum CPU times
values were 73.4 and 176.1 sec. This shows that our proposed model could obtain a feasible solution for
the N=50 and N=100 in an acceptable amount of time. VSS demonstrated the benefits of SP because
determining aircraft sequencing with stochastic situations provides more resilient traffic sequencing than
the deterministic approach. In addition, the outputs also showed that the stochastic model reduced the
average delay per aircraft significantly. This decreased from 285.6 sec to 230.7 sec for the N=50 and
289.8 sec to 235 sec for the N=100. The minimum delay per aircraft was 19.9 sec and 16.9 sec for the
N=50 and N=100. Additionally, the maximum delay per aircraft value was 121.3 sec in the N=50 and
105.6 sec in the N=100. Furthermore, the average number of position-shifted aircraft, when compared
to the initial sequence, was found to be 19.8 and 20, respectively. The model found the same aircraft
sequencing in the six air traffic sets for both N=50 and N=100.

8.0 Conclusion
The ASSP is a significant process for ATCOs because they decide all manoeuvres for related aircraft
based on this decision. Therefore, obtaining a resilient aircraft sequence reduces the ATCOs workload.
This study has introduced a stochastic MILP model that considers flight duration uncertainties for ASSP
to minimise the average fuel consumption per aircraft. Due to the complexity of the problem, the TS
algorithm was used to obtain near optimum or optimum results quickly. The results showed significant
benefits of using SP as each scenario had a VSS value greater than 0. When ATCOs obtain a resilient
aircraft sequence, the variations of the flight durations for each aircraft become more tolerable, and
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ATCOs will not need to spend time re-scheduling. The results showed that obtaining fast and feasible
aircraft sequencing considering uncertainties can noticeably reduce air traffic delay and aircraft fuel
consumption. Also, the proposed arrival structure allows ATCOs to regulate air traffic with less instruc-
tion. Implementing ground holding and vector manoeuvres for aircraft can be sufficient to manage air
traffic safely. Applying vector manoeuvre before TMA can increase the cooperation between ATCOS
of the area control centre and TMA. This situation gives more time to monitor air traffic and reduce the
ATCOs workload. The need for an advanced decision support system emerges as stochastic program-
ming requires advanced computer infrastructure. In the future, this stochastic model can be extended to
multi-runway operations, including the taxi route and gate assignments. Furthermore, taxi duration can
also be considered uncertain. Moreover, other objective functions, such as total flight time or on-time
performance, can be investigated separately or together.
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