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1. Introduction
The aircraft departure scheduling problem is a hot 

issue in the air traffic management field. Based on 
the statistics of America Air Transport Association, 
the direct loss caused by air traffic delay is about 10 
billion USD in 2009, in which the loss on the depar-
ture phase is 70% [1]. In addition, about 50% fuel 
consumption and emissions in departure are caused 
by taxiing holding [2], so it has important practical 
significance to study the departure scheduling prob-
lem, especially departure scheduling without taxiing 
holding.

For the departure scheduling problem, scholars 
have proposed many methods such as single runway 
threshold sorting model of multi-flight queue [1-5], 

surface node taxiing model based on dot and line 
diagram [6], runway scheduling model based on con-
strained position shifting method [7] and airport de-
parture dynamic scheduling model [8]. Some scholars 
establish the airport departure process model based 
on dynamic system theory of the discrete event [9] 
and departure aircraft optimization scheduling model 
based on max-algebra [10], and have achieved some 
achievements. 

However, the above methods are for one single 
phase in departure process such as runway threshold 
sorting [11,12], taxiing path selection and optimiza-
tion [13] and back pushing optimization [14,15] etc., 
and from preparation, pushing back, taxiing, entry 
to runway to take-off the operation processes of the 

Modelling and Optimizing for Departure Scheduling 
without Taxiing Holding

Zhang Xie, Liu Hongzhi

Key Lab of Operation Planning and Safety Technology of Air Traffic Management,
Civil Aviation University of China, Tianjin 300300, China

Corresponding Author: Zhang Xie
Email: xiezhang@cauc.edu.cn

Abstract
Focusing on scheduling of aircraft departures, the departure procedure from pushing back to taking off is studied 
as a whole, and a scheduling model of aircraft departures without taxiing holding is established. With the introduc-
tion of the coevolution to genetic algorithm, the algorithm performance is improved by the competition and the 
coordination between the populations, an improved coevolution genetic algorithm is proposed to solve the aircraft 
departures scheduling problem, and a simulation is conducted using operational data. Compared to the First-
Come-First-Service algorithm, coevolution genetic algorithm reduces the total departure time by 19.14%, and the 
taxiing time caused by conflict is reduced to 0. Compared to genetic algorithm, coevolution genetic algorithm has 
a batter result and lower costs in number of convergence generations, target value variance, running time variance 
and convergence generations variance, under different simulation scales. In the simulation, it is shown that the 
scheduling and optimization of aircraft departures without taxiing holding is achieved, the algorithm proposed 
has better performance in convergence and stability, and the low computation efficiency problem of conventional 
methods is overcome.
Keywords: AIR TRAFFIC FLOW MANAGEMENT, GENETIC ALGORITHM, DEPARTURE SCHEDULING, 
TAXIING WITHOUT HOLDING, COEVOLUTION



Metallurgical and Mining Industry118 No. 9 — 2015

Automatization
aircraft are closely related. If any phase changes, it 
will affect whole departure process. For example, the 
change of the pushing back time will result in change 
of the occupancy time of the taxiway and runway, 
which will generate additional conflict wait. As such, 
the departure process from pushing back to departure 
is studied as a whole, which can facilitate better solu-
tion of the problem and improve efficiency of aircraft 
departure scheduling. 

The aircraft departure scheduling is a typical NP-
hard problem, which will take optimization of taxiing 
holding into consideration, meanwhile pushing back 
sequence, pushing back time, take-off sequence, take-
off time and taxiing confliction of the aircraft should 
be identified. As such, the problem is very compli-
cated. While there is a large number of aircraft, solu-
tion space will dramatically increase. It is difficult to 
find the optimal solution in a short time with a general 
algorithm. 

The genetic algorithm is a method to search the 
optimal solution by simulating the natural evolution 
process, features concurrency and robustness, and 
is extensively applied in many fields. However, the 
original genetic algorithm features slow convergence 
speed and easy pre-maturity, and it is difficult to get 
the ideal effect in solving the constraint optimization 
problem [16]. This paper introduces the collaborative 
evolution idea, improves the algorithm performance 
via the population competition and collaboration. 
Furthermore, an improved co-evolutionary genetic 
algorithm (CoGA) is proposed to solve aircraft de-
parture scheduling problem.

2. Problem description
This paper studies scheduling optimization of the 

pushing back sequence and pushing back time of the 
departure aircraft on a take-off runway under certain 
constraint conditions given departure aircraft set, 
preparation time of aircraft, taxiing path and optimi-
zation target (without taxiing holding and take-off 
safe interval). Different parts are described as fol-
lows.

2.1. Optimization goal
To improve the airport operation efficiency and 

minimize the total departure time, the following ob-
jective function is established:
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N indicates the number of aircraft which wait for 
pushing back, taxiing and take-off at the gate. The op-
timized take-off time of the aircraft i is iii ttt TPD += .

itP  is the optimized pushing back time of the aircraft 

i, itT is the taxiing time of the aircraft i and itR  is the 
preparation time of the aircraft i.

2.2. Take-off interval constraint
To ensure flight safety, any two aircraft taking off 

on the same runway should keep minimal interval 
for safe take-off. Generally it is determined by the 
type of two aircraft. The International Civil Aviation 
Organization regulates the minimal wake flow safe 
interval for different aircraft, shown as the table 1:

Table 1. Minimum safe interval (in seconds)

Minimal wake vortex 
interval

Trailing aircraft
Heavy 

(H)
Middle

(M)
Light 
(L)

Leading 
aircraft

Heavy(H) 94 157 196
Middle(M) 60 69 131
Light(L) 60 69 82

If the flight i takes off before the flight j, the mini-
mal interval constraint can be represented as follows:

D D ,j i ijt t S i j− ≥ ≠  	 (2)

2.3. Departure time constraint
Before departure, aircraft will send a “ready” sig-

nal, which corresponds to ready time Rit  of the air-
craft and indicates that the aircraft are ready for push-
ing back, taxiing and taking off. The pushing back 
time of the aircraft cannot be earlier than the ready 
time, so we can get:

Pi Rit t≥  	 (3)

2.4. Taxiing constraint
When an aircraft is taxiing on the airport surface, 

three possible conflictions may occur and result 
in holding. To ensure the aircraft taxiing without 
holding, the following three conflictions should be 
avoided.

2.4.1. Crossing confliction
When the aircraft i and j pass the same taxiing 

node crosswise one after another, they should meet 
certain interval requirement, that is:

T T
k k
j it t− ≥ ∆  	 (4)

T
k
it  indicates the time when the aircraft i taxies 

through the node k and ∆  indicates the taxiing inter-
val between the sequential aircraft i and j passing the 
same taxiing node.

2.4.2. Rear-end confliction
To avoid rear-end confliction, the exit node se-

quence of one taxiing section should keep consistent 
with the entry node sequence.
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iW  indicates the taxiing path of the aircraft i and 
( , ) 1iW u v =  indicates that the aircraft i first passes 

through the node u and then pass the node v.
2.4.3. Head confliction
When two aircraft encounter each other with head 

to head on the same taxiing section, to avoid conflic-
tion, when the aircraft i reaches this taxiing section 
earlier than the aircraft j, the time when the aircraft j 
enters this taxiing section should not be earlier than 
the time when the aircraft i exits from this taxiing sec-
tion, we can get:

( )( )

( ) ( )

T T T T 0

, , ,

, 1, , 1

u v v v
i j i j

i j

i i

t t t t

u v W u v W

W u v W v u

− − >

∈ ∈

= =

 	 (6)

( ) ( ), 1, , 1i jW u v W v u= =  indicates that the air-
craft i and j pass the taxiing section ( , )u v  in the op-
posite direction.

3. Solving algorithm
3.1. Basic principle of algorithm
The scheduling of aircraft departure is a discrete 

and non-linear multi-constraint combined optimiza-
tion problem. How to efficiently handle constraints 
and quickly solve it are the difficulties in the study. 

The genetic algorithm features better convergence 
and stronger adaptation, and is extensively used to 
solve the large-scale combination. The original ge-
netic algorithm is suitable for solving non-constraint 
optimization. For the constraint optimization prob-
lem, the methods commonly used include penalty 
function method [17, 18]. Generally, it is expressed 
as follows:
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( )iG x  and ( )iH x  respectively express violation 
degree of the individuals to the ith inequality con-
straint and equality constraint in optimization. ir  and 
is  respectively indicate the corresponding penalty 

factor. However, it is difficult to select the penalty 
factor. If the penalty factor is too large, it will lead to 
the optimization curvature become very complicated 
and the algorithm is easy to fall into the local optimi-
zation. If the penalty factor is too small, it is likely to 
converge to non-feasible domain.

In view of this, this paper proposes the co-evo-
lutionary genetic algorithm, which contains deci-

sion solution of the aircraft departure scheduling and 
penalty factor population. The algorithm not only 
considers collaboration and competition between in-
dividuals inside two populations, but also considers 
collaborative influences and interaction between two 
populations in evolution.For example, when individ-
uals are evaluated, the individual information of other 
populations should be utilized. CoGA algorithm can 
adaptively adjust the penalty factor via the collabora-
tive evolution of two populations and get the optimal 
solution of the aircraft department scheduling.

The CoGA algorithm for aircraft departure 
scheduling contains two populations. One is the 
population for the evolutionary decision solu-
tions. The population includes 1M  sub-populations 

( )11,2, ,jX j M=  . The scale of the sub-population 
is 2M . The individual ( )1 21,2, ,ix i M M= ×  indi-
cates the decision solutions for the aircraft schedul-
ing. Another population is the penalty factor popula-
tion Y. The population scale is 1M . The individual 

( )11,2, ,jy j M=   indicates the corresponding pen-
alty factor of the individuals in jX .Each individual 
of the decision solution sub-population jX  uses the 
penalty factor of corresponding jy  to compute the 
fitness of this sub-population, and performs genetic 
operations. After evolution of 1t  generations, the new 
decision sub-population will be obtained. The pen-
alty factor (namely individual jy  of the population 
Y) is evaluated according to the disadvantages and 
advantage information of all solutions in the decision 
solution sub-population jX . The genetic operation 
is performed on the penalty factor population Y to 
get the next generation penalty factor populations. 
After all generations of collaborative evolutions are 
completed, the decision solution sub-population jX  
uses the new generation penalty factor population Y 
to compute the fitness till the algorithm termination 
condition is met. Finally all historic optimal solutions 
are compared to get the solution of the aircraft sched-
uling. The corresponding optimal individuals of the 
population Y are the best penalty factor.

This paper introduces the collaborative evolution 
idea into the genetic algorithm to solve the aircraft 
departure scheduling model. For this purpose, the ge-
netic algorithm will be improved, including coding 
scheme, fitness computing and crossover mutation 
rate. They will be described as follows.

3.2. Encoding scheme
The encoding scheme of the genetic algorithm is 

the key step in design of the genetic algorithm. The 
constraints of the aircraft departure scheduling are 
massive, which is very difficult to solve. Therefore, 
the encoding scheme based on take-off time is im-
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proved and a encoding scheme with constraint han-
dling is proposed to reduce constraint complexity.

The pushing back time sequence ( )P1 P2 P, , , nt t t  
of the departure aircraft set correspond to a take-off 
time sequence ( )D1 D2 D, , , nt t t . The take-off se-
quence is expressed as ( )1 2, , , nr r r  and is an ar-
rangement of ( )1,2, ,n . The take-off time differ-
ence of adjacent aircraft is ( )1 2, , , nd d d , wherein 

1D Di ii r rd t t
−

= − . ( ),C R D=  indicates chromo-
some, namely ( )1 2 1 2, , , , , , ,n nr r r d d d  .The take-
off safe interval ( )

1
0, 1,2, ,

i ii r rd S i n
−

− ≥ =   should 
be met, so the chromosome can be expressed as 

( ),C R V= , namely ( )1 2 1 2, , , , , , ,n nr r r v v v  , 
wherein 

1i ii i r rv d S
−

= − , ( )1 2, , , nV v v v=  . Given:

( )

( ) ( )
11 D

D D

, 1

max , 1,2, 1, 1
i j j i

r

i r r r r

v t i

v t t S j i i

 = =



= − + = − >


  (8)

The equation (8) can be represented as:
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With this encoding strategy with constraint han-
dling, the safe interval constraint can be encoded, so 
it can successfully reduce the constraint complexity 
in the aircraft departure scheduling.

3.3. Individual fitness function
The routine individual fitness evaluation method 

completely depends on the objective function. As 
such the algorithm diversity dramatically decreases 
and the algorithm is easy to pre-mature. Therefore, 
the new individual evaluation method is designed and 
the fitness function of the individual ix  in the deci-
sion population is:
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( )if x  indicates the objective function in the air-
craft scheduling optimization, ( )iq x  is the constraint 
violation degree of the individual ix , ( )in x  is the 
number of the constraints violated by individuals, 1ω  
and 2ω  are the penalty factor of the individual jy  in 
the population Y .

3.4. Fitness function of penalty factor
XjN  indicates total number of all feasible solu-

tions in jX  and the fitness sum is ( )
1

XjN

i
i

F x
=
∑ . The 

fitness function of the individual jy  in the penalty 
factor population is:
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As shown in the equation (11), the more the num-
ber of feasible solutions are or the larger the fitness 
sum is, the smaller ( )jP y  is, then it will facilitate 
the algorithm to evolve to the area with more feasible 
solutions and better target.

3.5. Crossover mutation
The crossover and mutation operation with fixed 

ratio are likely to result in prematurity. As such, an 
adaptive method is proposed to adjust the crossover 
rate and mutation rate.
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maxF Fλ = −  indicates the prematurity degree, 
maxF  indicates the maximum fitness of the individu-

als in populations, F  indicates the mean of the indi-
viduals’ fitness which is larger than the mean of all 
the individuals’ fitness in the population.

3.6. Flow of CoGA algorithm
Two populations use the same GA operations. The 

specific algorithm flowchart is shown as the figure 1.
Step 1: Initialize the decision solution population 

X, 1 0t =  and penalty factor population Y, 2 0t = ;
Step 2: Evaluate fitness of X population;
Step 3: Evaluate fitness of Y population;
Step 4: Perform GA operations on Y population;
Step 5: If the extremum of Y population is reached, 

then update the Y population and skip to the step 6. 
Otherwise, 2 2 1t t= +  and skip to the step 3.

Step 6: Perform GA operations with the individu-
als in corresponding penalty factor population as the 
penalty factor and update the decision solution popu-
lation for decision solution sub-populations.

Step 7: If the algorithm termination conditions 
are met, then output the optimal solution. Otherwise, 
1 1 1t t= + , 2 0t =  and skip to the step 2.

4. Simulation and analysis
Guangzhou Baiyun International Airport is taken 

as example. 20 departure aircraft within a period of a 
day are selected as samples for simulation. The simu-
lation sample data is shown in the table 2. The air-
craft taxi at constant speed on the airport surface. As 
symmetric structure and double-runway independent 
operation mode at Guangzhou Baiyun International 
Airport, only the aircraft taking off from 02L runway 
in the west bridges, are simulated. It does not affect 
validity check of the algorithm. CoGA algorithm is 
compared with original GA algorithm and first come 



121Metallurgical and Mining IndustryNo. 9 — 2015

Automatization

first service algorithm. The parameters of the CoGA 
are shown as follows: the scale of the penalty factor 
population 1 20M = , the scale of the decision solu-
tion sub-population 2 50M = , the iterations of the de-
cision population 1 100T = , the iterations of the pen-
alty factor population 2 100T = , the initial crossover 
rate of the population 0.7cP =  and the initial muta-
tion rate 0.15mP = .

4.1. Algorithm effectiveness
From the results in the table 3, the simulation algo-

rithm has better effect. Compare to the first come first 

service algorithm, the total departure time of GA and 
CoGA reduce by 16.67% and 19.14%. The CoGA al-
gorithm is better. Taxiing holding time reduces from 
69min of FCFS to 0 due to no taxiing holding, which 
validates effectiveness and feasibility. In addition, al-
though taxiing holding time increases, the total hold-
ing time significantly reduces and the gate position 
holding can effectively reduce the fuel consumption 
and nitrogen oxide emissions. The air traffic control 
authorities and airlines are happy to see these results.

4.2. Algorithm efficiency
To compare and analyse the algorithm efficiency 

under different scales, the sample data of 10, 20 and 
30 aircraft are simulated. A queue with 100 depar-
ture aircraft is generated for each scale randomly and 
scheduling is optimized. The optimization results are 
summarized and the mean is computed for compari-
son. The executive results and efficiency are com-
pared as the table 4.

Table 2. Original sample data

Aircraft Type Gate Take-off 
runway Ready time

F1 M 220 02L 07:00:00
F2 M 215 02L 07:00:00
F3 M 202 02L 07:01:00
F4 M 223 02L 07:02:00
F5 H 217 02L 07:05:00
F6 H 221 02L 07:06:00
F7 M 206 02L 07:06:00
F8 M 204 02L 07:09:00
F9 H 210 02L 07:10:00
F10 M 218 02L 07:10:00
F11 M 207 02L 07:13:00
F12 M 216 02L 07:15:00
F13 L 403 02L 07:20:00
F14 H 222 02L 07:20:00
F15 M 203 02L 07:20:00
F16 L 401 02L 07:24:00
F17 H 201 02L 07:29:00
F18 M 205 02L 07:33:00
F19 M 214 02L 07:34:00
F20 M 208 02L 07:40:00

Figure 1. CoGA algorithm framework

Table 3. Comparison of simulation results of FCFS, GA and CoGA algorithms

Algorithm Total departure 
time/min

Performance 
improvement/%

Taxiing 
holding /min

Gate 
holding /

min

Running 
time /s

number of 
convergence 
generations

FCFS 162 - 69 0 - -

GA 135 16.67 0 42 15.825 56

CoGA 131 19.14 0 38 7.073 33
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From the simulation results in the table 4, the opti-
mization effects of GA and CoGA are ideal. The con-
vergence generation number of the CoGA algorithm 
is significantly lower than that of GA algorithm. As 
such, CoGA has better convergence performance. 
The objective solution variance, running time vari-
ance and convergence generations variance of the 
CoGA algorithm are lower than that of GA. As such, 
CoGA algorithm is more stable than GA algorithm. 
In addition, for 30 aircraft, the average time of GA 
algorithm is over 2 minutes and the average time of 
CoGA algorithm is only 27.886s, so it meets the real-
time scheduling requirements completely.

5. Conclusions
This paper constructs the aircraft departure sched-

uling model without taxiing holding and applies the 
improved collaborative evolutionary algorithm for 
solution. The simulation results indicate that the 
model proposed can effectively reduce the departure 
holding time. The improved CoGA can get better re-
sults, features shorter computing time and better sta-
bility, can meet the actual application requirements, 
and provides a new means for solution of the aircraft 
departure scheduling. The runway taxiway is the in-
tersection location of the taking off and landing air-
craft. Considering the influence of the landing aircraft 
on the departure aircraft scheduling, how to improve 
the operation efficiency of the runway taxiway will be 
further studied in future.
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Abstract
In the work, we obtained probability distribution of error signals with different confidence levels by Hampe cen-
sored estimation function. The data collection of “input-expectation” was divided into four data space where the 
ratios of data disturbed by impulse noise are different. The data space with small data ratio was calculated by SM-
SCMPNLMS Algorithm. In data space with large data ratio, the computation complexity was reduced to solve 
steady-state problems because of pulse noise disturbance by restraining error signal amplitude and using larger 
error threshold. The effectiveness of this algorithm was proved by simulation.
Keywords: DATA SUBSPACE, SPARSENESS CONTROL, SET-MEMBERSHIP FILTERING, ECHO 
CANCELLATION


