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Abstract The multi-objective airline crew pairing problem tries to find a subset of feasible

pairings such that all flights are covered and each objective function is minimized. For this

problem, we propose two mathematical models: a novel mathematical model that contains logical

relationships, and an integer programming model based on all feasible pairings enumerated by a

depth-first search method. To solve the problem, we propose an improved multi-objective

evolutionary algorithm, which is a non-dominated sorting genetic algorithm that distinguishes

individuals using the distance between the objective vector corresponding to each solution and an

adaptive evaluation vector. The proposed algorithm uses the direction of the adaptive evaluation

vector and the Pareto orientation for guidance to derive Pareto solutions. We also use a repairing

strategy and a local optimization strategy for deriving feasible and better solutions. For this

problem, in our experimental results, the performance of the proposed algorithm is superior to those

of the traditional nondominated sorting genetic algorithm Il and another multi-objective genetic

algorithm.
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The airline planning problem is a very
challenging problem. However, because of the high
complexity of this problem, it is often divided into
four subproblems: flight arrangement problem, fleet
assignment problem, aircraft routing problem, and
crew scheduling problem. 1In fact, the optimal
solution of each subproblem is the input of the next
subproblem. These topics have been reviewed by
Wen et al. "

Because crew costs are the second largest after
fuel costs for airlines, the crew scheduling problem
is of great significance. However, the crew
scheduling problem is an NP-hard problem, which
means that it can not be exactly solved within a
reasonable computational time. Thus, the crew

scheduling problem usually consists of two

subproblems: the crew pairing problem and the crew

Most researchers have been
[2-3]

rostering problem.
concentrated on the crew pairing problem
Evolutionary algorithms (EAs) are often used to
solve the single-objective airline crew pairing
problem. To derive a solution, the solving process
using evolutionary algorithms generally is segmented
into two stages: the enumeration of the feasible
pairings and the optimization process. Zeren and
Ozkol* proposed a perturbation operator to improve
a genetic algorithm, this operator enhanced the
convergence of the genetic algorithm and the
stability of the results. In addition, they also
considered the case of multiple crew bases. Cetin

and Deveci™

proposed an improved genetic
algorithm with updating search space to solve the
crew pairing problem with medium scale. Moreover,
their study possessed characteristics of multiple
objectives. But they still solved the single-objective
crew pairing problem. In 2018, they also proposed
two variants of a genetic algorithm and a memetic

]

algorithm[é. In their experimental results, they

indicated that the performance of the memetic
algorithm was better than that of the other genetic
algorithms. Currently, many authors focus on the
single-objective crew pairing problem, where this
problem finds a subset of minimum-cost feasible
pairings that cover all flights. However, for the
multi-objective crew pairing problem, few authors
have conducted the research.

Generally, for a multi-objective problem,
traditional approaches are used to reformulate the
multi-objective problem into a single objective
problem. The weighted sum is one of the
conventional approaches. On one side, the priority
of objectives can be considered to set the weighted
parameter of each objective by the weighted sum
approach in the solving process. However, we often
do not know their priority or what setting weighted
parameters is appropriate, and the derived solution
may depend on the used weighted parameters. On
the other side, in the solving process, one tries to
find the best solution that is often the global
maximum or global minimum for a single objective
problem.  However, for the multi-objective
problem, the best solution may not exist!”’ , there
exists a set of Pareto-optimal or non-dominated
solutions. Therefore, we prefer to find multiple
Pareto solutions by a multi-objective optimization
algorithm in this paper. Multi-objective evolutionary
algorithms (MOEAs) are one of the most effective

(8]

tools for finding multiple Pareto solutions In

recent decades, MOKEAs have been constantly
studied and applied. Schaffer’ proposed a vector
evaluated genetic algorithm (VEGA) for solving
multi-objective optimization problems, and the
author opened up a new research field of MOEAs.
Subsequently, various MOEAs have been proposed
to solve multi-objective optimization problems.

[10]

Horn et al. proposed a niched Pareto genetic
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algorithm (NPGA). Srinivas and Deb"”’ proposed a
non-dominated sorting genetic algorithm (NSGA) ,
and indicated that the NSGA was better than the
VEGA through experimental comparisons. Deb et

al, "

proposed a non-dominated sorting genetic
algorithm with lower complexity and elitism, the
algorithm is called NSGA- Il . There are also many
other MOEAs, for example, MOGA"?', SPEA'"',
MOEA/D""*', NSGA-TI'"*", and LMEA"'®". Tn these
algorithms, in particular, NSGA- Il is extensively
applied in many fields. NSGA- Il uses the fast non-
dominated sorting method for ranking and the
crowded distance for preserving diversity at each
rank. NSGA- Il and its variants have been applied

successfully by Chen et al. *'

to solve the integrated
aircraft routing and crew pairing problems, and by
Chen et al. """ to address the integrated short-haul
airline crew scheduling problem. In addition, Chou

8 proposed a method of inequality-based

et al.
multiobjective genetic algorithm (called MMGA) for
solving an aircraft routing problem.

In this paper, to solve a multi-objective airline
crew pairing problem (MOCPP) , we first propose a
novel mathematical formulation and an integer
programming formulation. Secondly, we propose an
improved multi-objective evolutionary algorithm,
namely, a non-dominated sorting genetic algorithm
with the distance between the objective vector
corresponding to each solution and an adaptive
evaluation vector (NSGA-AEV). In other words,
we propose a novel method for preserving diversity
in this improved multi-objective evolutionary
algorithm, where the novel method contains the
distance between the objective vector corresponding
to each solution and an adaptive evaluation vector,
instead of the crowded distance used in NSGA- II .
Therefore, NSGA-AEV contains the direction of the
adaptive evaluation vector and the Pareto orientation
as guidance in the iterative process. By contrast,
NSGA- I only provides the Pareto-based guidance.
A repair strategy and a local optimization strategy

are used to find feasible and better solutions.

Finally, we will indicate that the performance of

NSGA-AEV is better than those of NSGA- 1T and

MMGA, via the comparison of the experimental

results.

1 Problem definition

For the MOCPP, we consider several aspects
relevant to operational costs. The number of duties
determines the number of required crew, which
further determines the personnel cost structure.
Overnight at the nonbase incurs additional overnight
expenses for crews to perform their next duty. The
deadhead not only adds extra transportation costs
but also may lead to reducing crew availability.

Given a crew base and a set of flights operated
by an aircraft type, the MOCPP tries to find a subset
of feasible pairings such that the total number of
duties, the total number of deadheads, and the total
number of overnights are minimized, where each
flight is covered at least once by pairings and each
pairing starts and ends at the same base. A pairing
contains a sequence of one or more duties separated
by overnights. A duty is a time period that is
composed of a sequence of flights or deadheads
separated by sit time. For two successive flights in a
pairing, the arrival airport of a flight must be the
departure airport of the next flight. A flight is the
time period from aircraft take-off to landing, it is
also called flight leg or leg. If a flight in which the
crew is treated as passengers transfers the crew from
one airport to another for performing subsequent
flights or back to base, this flight is called a
deadhead. Because two successive flights within a
duty need time for a turnaround, this time is called
sit time or transition time. A connection between
two successive duties in a pairing is called an
overnight, layover or rest.

In addition, duties and pairings satisfy some
constraints for safety. Each duty must be subject to
the maximum number of landings (denoted as
o™) , the maximum flying time (denoted as B"““) S
and the maximum duty elapsed time (denoted as
y™). We denote by s™" and 5™ the minimum and
maximum of the sit time, respectively. Each pairing

must be subject to the maximum number of duties
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(denoted as ™) and the maximum pairing elapsed
We denote by o™ the

minimum overnight delivery.

time (denoted as &™).

2 Problem formulation

According to the definition of the MOCPP, in
this section, we propose a novel mathematical
formulation that contains logical relationships and
an integer programming formulation based on all
enumerated feasible pairings.

2.1 A novel mathematical formulation

Haouari et al. '

proposed a digraph that
contains four arc types for the daily crew pairing
problem. Similarly, we also present a digraph that
contains four arc types for the MOCPP. We denote
by F the set of all flights, by F"the set of flights that
depart from the crew base, and by F' the set of
flights that arrive at the crew base, where each flight
Jj€F is characterized by t, the corresponding
duration, fj the departure time, §j the departure
airport, fj the arrival time, and 5 the arrival airport.
Let b be the crew base. We define s, and o as the
sit time between two successive flights ¢ € F' and
j € F in a duty, and the overnight time between two
successive flights 1 € F and j € F that belong to two
different duties in a pairing, respectively. The sit

time s, and overnight time o, are computed as

follows :

fo, =11 i

We define an acyclic digraph G = (N, E) for a
given flight schedule, where N = F Ulo, d} is the
set of nodes and E = E, UE;UE,UE, is the set
of arcs. Figure 1 shows an example of the graph G.
Each flight j € F is represented by a node. The
source node o and sink node d represent the crew
base b that a pairing starts and ends. Each legal
connection between : € N and j € N is represented
by an arc (i,j) € E. The set E is composed of the set
E,, of start arcs, the set E of sit-time arcs, the set
E, of overnight arcs, and the set E, of end arcs that
are defined as follows:

* An arc (0,j) € E, if and only if j € F”. The
arc (0,j) € E,, means that the first flight of a pairing
starts from the crew base b.

* An arc (i,j) € E; if and only if flights i € F

and j € F are successive in a duty. Namely, the arc

max ]
9

(i,j) € Egmust satisfy (i) 5, =53 (i) s, e[ s™, s
(iii) ¢, + 1, < B™; and (iv) 1, + s, + 1, < y"™.

* An arc (i,j) € E, if and only if flights i € F
and j € F are successive and belong to two different
duties in the pairing. Namely, the arc (i,j) e E,
must satisfy (i) 5, = §j = by (i) 0; > o™ and (iii)
t+o;+t, <™.
 An arc (j,d) € E, if and only if j € F'. The

arc (j,d) € E, means that the last flight of a pairing

node legends:

D source node
‘ flight node

. sink node

arc legends:

——> it time arc

= = = > startarc

....... > end arc

- = - » overnight arc

Fig. 1 An example of graph structure for crew pairing problem
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ends at the crew base b.

Since each path from the source node to the
sink node in G corresponds to a pairing, we denote
by P" all paths from the source node to the sink node
in G. For a path p e P" and a flight je p N F, we
denote by a] the total accumulated number of
landings from the source node to the node j, by B/
the total accumulated duty flying time from the
source node to the node j, by ¥/ the total
accumulated duty elapsed time from the source node
to the node j, by &/ the total accumulated number of
duties from the source node to the node j, and by &/
the total accumulated pairing elapsed time from the
source node to the node j, where ozj.', ;", y;’, 557,
and &} are computed as follows:

e For an arc (i,j)ep, if (i,j)e E,, then

1, ,BJ” =1, 'yj' =1, 5;’ =1, and 8j.’ =1
* For an arc (i,j) € p, if (i,j) € E;, then
of =aj+1,B =B +1t, v =y +s,+1,6 =0,
and &) = &) + 5, + 1,

* Foranarc (i, /) € p, if(i,j) € E, thena) = 1,
Bl =t, v/ =1,0/=8+1,andel =&l +o0,+1.

Because the MOCPP finds a subset of pairings
such that all objective functions are minimal, each
flight is covered, and each pairing satisfies all
restrictions and rules of pairing construction, we
need to find this subset that satisfies all conditions.
We denote by P’ the subset of P". Let F, be all
flights covered by p € P*. In addition, if a path
p € P contains the node j € N, it is defined as
aj.' = 1; otherwise af = 0. The restrictions of the
problem are formulated as follows:

* The number of landings per duty in a pairing

i (P’) = zpep'zjs Fﬂﬂ-;lv}’

0, if aj" < o™,

restriction

where WLli = )
X 1, otherwise.

The number of landings per duty in a feasible

pairing should not exceed a

* The flying time per duty in a pairing
restriction

Lp (P,) = zp e P’Eje F/,'n-if/? ’

O, lf B]p < Bmax’

1, otherwise.

@ _

where 7~
PsJ

The duty flying time should not exceed B™ in a
feasible pairing.

* The duty elapsed time per duty in a pairing

restriction
N — (3)
YR (P ) - zp c P’zje FV7T17»/' ’
. P max
@_ )0 ity <y
where 7" = )
1, otherwise.

The duty elapsed time should not exceed Y™ in a
feasible pairing.

* The number of duties in a pairing restriction

N — (4)
7’]4(P )= zpep'zjeqﬂ-zuj’
w _ {0’ lf 6;) < Srnax’

where 7"
PsJ

1, otherwise.
The number of duties should not exceed 6™ for a
feasible pairing.

* The pairing elapsed time restriction

Yy — (5)
775(P )= 2,)513'2]-6@,77%]"

s _ |0, if &l <™,
where 7" = )
’ 1, otherwise.

The pairing elapsed time should not exceed £™ for a
feasible pairing.

* The complete including all flights restriction
" — (6)
n(P") = z/e Ty
o {0, ity al> 1,

where 7

ro

1, otherwise.
Each flight is covered at least once by feasible
pairings.
Next, the objective functions of the problem
are formulated as follows :

* The total number of duties is defined as

#i (P/) = zpeP'zp’

where z, is the number of duties for the pairing p.

* The total number of deadheads is defined as

QDZ(P,) = ZPEP’wﬂ’

where w, is the number of deadheads for the
pairing p.
* The total number of overnights at the nonbase

is defined as
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€D3(P’) = zpeP'OP’

where o, is the number of overnights at the nonbase
for the pairing p.

Finally, we propose the following formulation
minimize ¢, (P'), ¢,(P'), ¢ (P'); (1)
subjectton,(P') =0, 1 <k<6. (2)

where P’ is a subset of P" and is also a variable.
The objective function (1) finds a subset P" of P” to
minimize the total number of duties, the total
number of deadheads, and the total number of
overnights. In the formula (2) , constraints 1, (P’)
=0, 1<k<5 ensure that each pairing in P’ is
feasible, in addition, constraint n,(P’) = 0 ensures
that each flight is covered at least once by pairings
in P, and flights covered more than once by
pairings are considered as deadheads.

The formulation is not a traditional programming
formulation. In fact, it is a formulation that contains
logical relationships.

2.2 Integer programming formulation

To solve the proposed formulation, we must
find all paths from the source node to the sink node
in G, but this can lead to a very long computational
time. To reduce the computational time, we
enumerate all feasible pairings by a depth-first

10200 1y addition, because of the

search algorithm
large restrictions of pairing construction, for the
computational convenience, we enumerate all
feasible duties by the depth-first search algorithm.
Subsequently, we enumerate all feasible pairings
based on all feasible duties by the depth-first search
algorithm.  Next, we propose an integer
programming formulation based on all feasible
pairings.

We denote the set of all feasible pairings by P.
Based on all feasible pairings, the MOCPP is

reformulated as follows

minimize zp P2 %y (3)
minimize zp oW, X, (4)
minimize zp _p0, %, (5)
subject to zpspajfxp =21, jeF; (6)

xpe{O,l}, peP. (7)

Three objective functions (3)-(5) find a subset
of feasible pairings to minimize the total number of
duties, the total number of deadheads, and the total
number of overnights. Constraint (6) ensures that
each flight is included at least once in feasible
pairings, and flights covered more than once by
In the

formula (7) , x, is a binary variable and means

pairings are considered as deadheads.

that if pairing p is selected, then x, =1;

otherwise, x, = 0.

3 Solution methodology

In this section, to solve the MOCPP, we
propose an improved multi-objective evolutionary
called NSGA-AEV. The biggest
difference between MOEAs and EAs is the fitness

assignment of the population. Therefore, like other

algorithm

genetic algorithms (GAs) , the iterative process of
NSGA-AEV also includes these stages:

population generation, fitness calculation, selection,

initial

crossover, and mutation. In addition, a

chromosome in NSGA-AEV is a solution of the
MOCPP, which is also called an individual. The
proposed NSGA-AEV is described in detail below.

Consider any two feasible solutions x and y
corresponding to objective vectors X and Y,
respectively. x dominates y if and only if the
following expression is satisfied

Vi(X,<Y)ANdi(X, <Y,),

where 1 <i <M, and M is the number of objective
functions, it is denoted as X <Y or x <y. If a
solution can not be dominated by others, then the
solution is called a Pareto-optimal solution (Pareto
solution) or non-dominated solution. All Pareto-
optimal solutions form a Pareto-optimal set.

Liu et al. " have indicated that the convergence
rate of GAs with an optimal vector treated as a
guiding search direction may be more effective than
that with the guidance of multiple directions.
However, the centralized search direction may
cause the loss of some properties in this way. To

avoid this, we use the Pareto orientation and the

direction of the adaptive evaluation vector (AEV)
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for guidance in this paper.
3.1 The non-dominated sorting and
ranking method

We use the same method used in NSGA- 1T for
the non-dominated sorting and ranking. Please refer

U for more details on the mnon-

to Deb et al.
dominated sorting and ranking method. The aim of
the non-dominated sorting and ranking is to group
all individuals in the population into several ranks.
Figure 2 (a) shows an example that individuals in
the population are grouped into three ranks. At this
example, all individuals at the same rank don’t
dominate each other, and each individual at a lower
rank dominates each individual at a higher rank.

3.2 The proposed preserving diversity
method

Because it is unknown whether an optimal
solution and its corresponding objective vector exist
for the MOCPP, an adaptive evaluation vector
(AEV) is used for guidance. Firstly, we compute
the minimum value of each objective function for the
current population. Secondly, these minimum
values are formed as the following vector: AEV =
(€,,€, -, &,)- The value of AEV may vary in the
iterative process. To preserve diversity, the
distance between the AEV and the objective vector
corresponding to each individual is computed. The
pseudo-code of the proposed algorithm is given in
Algorithm 1.

In step 1, we initialise £ = 1. The value of the
AEV is computed in step 2. In steps 3-5, when k is
less than or equal to the maximum number K of
ranks, we set all individuals I, ]2,---,InA at the
rank & and setj = 1. When j is less than or equal to
the number M of objective functions, the jth
objective function values of all individuals at the
rank k are computed in steps 6 and 7. In step 8, the
distance between the j-th objective function value of
each individual at the rank % and the jth component
of the AEV is computed by the expression (8). In
addition, because the denominator of equation (8)
may be zero, to avoid this, we add 1 to the

denominator of equation (8). In step 9, j is

Algorithm 1 Preserving diversity by the distance between the

objective vector corresponding to each individual and AEV

Input: The current population PO, The maximum number K of
ranks about PO, and the number M of objective functions

Output: The distances of all individuals in PO

1. Initialise £ = 1.

2. Compute the value of AEV = (§1,§2, ---,fw).

3. while £ < Kdo

4. Letl, 1, ["k be all individuals at the rank % ;

5. Let j=1.

6. whilej < M do

7. Compute the jth  objective function values d)/.], d)]z,
,d);l‘ of all individuals 1, 1, -, ['u at the rank k.

8. Compute the following distance from the jth objective
function value of each individual /; at the rank & to fj

dist/(]i):L‘fj‘; (8)

9. Letj=j+ 1.
10. end while
11. Compute the summation of all distances of I, by the

following expression at the rank k&
dist(1,) = D" dist, (7). (9)

12. E=Fk+1.
13. end while

assigned the value of j+1. When all distances of
each individual at the rank £ are computed, the
summation of all distances of each individual is
computed by the expression (9) in step 11. In fact,
the summation is regarded as the distance between
each individual at the rank £ and the AEV, so it is
referred to as the distance mentioned in the
following text. In Fig. 2 (a), we show an example
that distinguishes between two different individuals
at the same rank. At this example, we denote the
distance between the individual A and AEV by d,,
and the distance between the individual B and AEV
by d,. Here, d, and d, are different so thatA and B
are distinguished. In Fig. 2(b), we show that the
crowded distance between the individuals ¢ is the
sum of d' and d", where d' and d" are the side
lengths of the moment, respectively. The crowded
distance between the individuals i is related to
individuals —=1 and i+1 at the same rank. By

Fig. 2(a) and 2(b), we observe that the proposed
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distance has direction that AEV is wused for
guidance, however, the crowded distance has no
direction for guidance. Therefore, at each iteration,
the solutions found by using the proposed distance
may be better than those found by using the crowded
distance.

We analyze the computational complexity of
Algorithm 1. The value of the AEV is computed
when this algorithm is applied to the current
population. Because the j-th component of the AEV
is the minimum value of the j-th objective function,
the sorting algorithm 1is used. Therefore, the
computational complexity of the algorithm is
O(MNlog(N)), where M and N is the number of
objective functions and the size of the current
population, respectively.

3.3 Fitness assignment

For the fitness assignment, we use the
following method. For any two different individuals
[, and [, if the formula

(rank (/) < rank(/,)) V (rank(7,)

= rank(/,) A\ (dist(7,) < dist(7,))),
is satisfied, then I, is better than [,. The above
expression signifies that an individual at a lower
rank is better than those at a higher rank, or an
individual close to the AEV is better than those far
away when their ranks are equal. For example, in
Fig. 2(a), the individual C at the first rank is better
than the individual A or B at the third rank. Because
the individual B and A are at the third rank and the

distance d, is less than the distance d,, the

individual B is better than the individual A.
3.4 Coding and decoding of crew pairings

There are two coding types that are a binary
coding and a real coding based on row and
column'®’, respectively, for solutions of the MOCPP
in a GA. Because the MOCPP is formulated as a 0-1
integer programming formulation, we use binary
coding. The length of a chromosome using binary
coding represents the number of all feasible
pairings. In addition, each gene in the chromosome
represents a corresponding pairing whether it is
selected. If a pairing is selected, its corresponding
gene will become the value of 1. If a pairing is not
selected, its corresponding gene will become the
value of 0. Figure 3 shows an example of a
chromosome containing eight genes (pairings).
3.5 Initial population

Zeren and Ozkol proposed a method to
generale an initial population that includes N
feasible individuals. The method can find higher
quality initial individuals. It means that if no gene
covers a flight in an individual, then one of all
pairings covering the flight is selected for assigning
Thus, the number of deadheads is
Although N feasible

individuals are created by the method, they are not

the gene.
reduced by the method.

necessarily optimal or sub-optimal.
3.6 Genetic operators
individuals in the

Because two different

population are always compared in the fitness

AEV
(a) Fitness assignment for NSGA-AEV

Fig.2 Examples of fitness assignment for NSGA-AEV and crowded distance for NSGA- Il

(b) Crowded distance for NSGA- Il
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1 0 1 0 0 1 1 0

P P, P, P, P, P P, P,

4 6

Fig. 3 An example of binary coding

assignment method, we use a binary tournament

selection  method  with efficiency *.

higher

However, other selection methods may be

considered beyond two individuals at the
population, such as, the front reservation method

[17]

used in Chen et al. For crew pairing problem,

Park and Ryuizzi proposed a greedy crossover

[2]

method. Aydemir-Karadag et al. proposed a

problem specific crossover procedure and an inner

mutation. =

Cetin and Deveci” used one point
crossover and a bit-flip mutation approaches to
generate a new offspring. Deveci and Cetin'®' still
used these approaches to generate a new offspring.

Chen et al. '

used uniform crossover, partially
matched crossover, reset mutation, and reverse
mutation approaches for an integrated crew
scheduling problem. In this paper, we use one point
crossover approach that has better performance and
a bit-flip mutation approach which avoids the
algorithm falling into local search.
3.7 Repairing strategy

A feasible individual should include each flight
in the set of all flights. However, the individuals in
offspring generated by the crossover and mutation
phases may not be ensured to be feasible. Beasley
and Chu'®' proposed a method to repair non-feasible
individuals. Firstly, flights not included in an
individual are identified. Secondly, the following
expression is used to decide that pairings covering
identified flights in the first step are added to the
individual, so that non-feasible individuals are

feasible

the total pairing elapsed time

number of non-included flights covered in the pairing’

(10)
The numerator of the expression (10) uses the
cost of crew pairing as in Beasley and Chu'®'. Every

time period can have expenditures in a pairing, so
we use the total pairing elapsed time to replace the

cost of the pairing. Please refer to Beasley and

Chu'*' for more details on the repairing strategy.
3.8 Local optimization strategy

To reduce redundant pairings for each
individual, we use a local optimization strategy.
The aim of the local optimization strategy is to judge
whether an individual is feasible when the pairings
included by the individual are removed from the
individual. Please refer to Algorithm 5 described in

51 for more details on the local

Cetin and Deveci
optimization strategy.
3.9 Detailed steps of NSGA-AEV

The parameters of NSGA-AEV are denoted as
follows: population size N, crossover probability r,
mutation probability «, and the maximum number G
of generations. The pseudo-code of NSGA-AEV is
given in Algorithm 2. Figure 4 shows the flowchart

of NSGA-AEV.

Algorithm 2 NSGA-AEV

Input: DY = {S(ll),S(;), ,S(\/)} is the set of all individuals

(solutions) in generation . D' is the offspring of pv during the
iterative process.

Output: A set of all best individuals.

1. Let ¢ = 03 initial population DY is generated.

2. Apply non-dominated sorting and ranking method and the
proposed preserving diversity method for Y.

3. whilet < G do

4. Carry out selection, crossover, and mutation operations to
generate the offspring D" on v,

5. Apply the repairing strategy for non-feasible individuals
in D",

6. Apply the local optimization strategy for D",

7. Apply non-dominated sorting and ranking method and the
proposed preserving diversity method for p"“ U p".

8. LetD"*V =D U D™ be the replacement.

9. Lett=t+1.

10. end while

4 Computational experiments

We use a real-world data set from 2021 China
Graduate Mathematical Modeling Competition. The
dataset includes 206 flights and a base. The
convergence of NSGA-AEV is analyzed. The
comparison of convergence of NSGA-AEV, NSGA-
I and MMGA is discussed under the same
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initiaization & fitness
assignment on D, (=0

!

binary tournament
selection on D

A4

one point crossover from
DY to D'®

}

bit-flip mutation on D'

!

repairing strategy on D'

}

local optimization strategy
onD'®

=1+1

no

yes
stop
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DY U D'®

!

preserving diversity
(i.e., calculate distance between the
AEV and objective
vector) on DV U D'®

A

non-dominance sorting and
ranking on D U D'®

f

Fig. 4 Flowchart of NSGA-AEV

circumstances. The genetic parameters are set as
follows: population size 50, crossover probability
0.9, mutation probability 0.2, and the maximum
generation 1 000 (the total number of iteration is 1
001 from 0 to 1 000 generation) through repeated
experiments. The specifications of the hardware
environment and programming language are 13th
Gen Intel (R) Core (TM) i9-13900K at 3. 00 GHz
and Python, respectively.
4.1 Convergence of NSGA-AEV

Figure 5 shows that the case of solutions
derived by NSGA-AEV with the repairing strategy
and without a repairing strategy is very different.
With the repairing strategy, the solutions derived by
NSGA-AEV  are feasible from 0 to 1000
generations. On the contrary, without a repairing
strategy, we derive many non-feasible solutions,
and the number of non-feasible solutions may
increase in the iterative process. Therefore, for the
MOCPP, if there is no the search direction of
feasible solutions, this algorithm may not be
convergent or derive many non-feasible solutions.

Figures 6 and 7 show the minimum sum of all

objective function values and the case of the number

35
wn
=
2 30
=
5
% 25
=
§ 20
g 15
S
1=
g 10 — without repairing strategy
'g — with repairing strategy
2 5
0 S e
0 200 400 600 800 1000
generations

Fig.5 Number of non—feasible solutions derived by

NSGA-AEV with or without repairing strategy

of iterations reaching convergence in ten runs for
NSGA-AEV with the local optimization (LOS) and
without a local optimization strategy, respectively.
The minimum sum of all objective function values
means that the minimum sum of objective vector
components is given at each iteration. The quality of
solutions derived by NSGA-AEV with the local
optimization strategy is higher than that of solutions
derived by NSGA-AEV without a local optimization
strategy in Fig. 6. On the other hand, in Fig. 7, we
observe that the convergence rate of NSGA-AEV

without a local optimization strategy is slower than
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Fig. 6 Minimum sum of all objective function values of

NSGA-AEV with or without local optimization strategy
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Fig. 7 Number of iterations reaching convergence of
NSGA-AEV with or without local optimization

strategy (in 10 runs)

that of NSGA-AEV with the local optimization
strategy for most runs excluding runs 3, 5, and 6.
Thus, if NSGA-AEV does not use the local
optimization strategy, then it may fall into local
Pareto solutions.
4.2 Comparison of convergence of NSGA -
AEV, NSGA-1I , and MMGA

We use the number of iterations reaching
convergence (NIRC) and the performance measure
CX', X" for the
convergence of NSGA-AEV, NSGA-II and MMGA.
Table 1, we see that the

function comparison  of

Firstly, in
convergence rate of NSGA-AEV is faster than those
of NSGA- I and MMGA in most runs. The main
reason is that the search direction of NSGA-AEV is
more concentrated than those of NSGA- Il and
MMGA. However, the average CPU time (i. e.
runtime) of NSGA-AEV is longer than those of

NSGA- I and MMGA in Table 1. The main reason
is that the CPU time spends computing AEV in the
proposed preserving diversity algorithm of NSGA-
AEV so that the CPU time of NSGA-AEV is
increased.

Secondly, the function C(X’, X") is defined as
follows
|{x” eX I e X', < x"}|

| X"

C(X,,X”) —

s

where X’ and X" are two sets of Pareto solutions and
x" < «” means that x" = x” or x" < x”. The equation
C(X',X") =1 means that the existing solutions in
X' dominate or are equal to all solutions in X”. On
the contrary, the equation C(X',X”)=0 means
that non-existent solutions in X’ dominate or are
equal to any solution in X”. Since C(X', X") and
1 -C(X",X') may not be equal, we have to
consider both C(X',X”) and C(X",X’). The
Table 1 Number of iterations reaching convergence and

runtime of NSGA-AEV, NSGA-1I , and MMGA,

respectively, in 20 runs

run NSGA-AEV NSGA-1I MMGA
number NIRC ~ CPU/s NIRC CPU/s NIRC CPU/s
1 923 1349.1 923 12944 672 12759
2 633 13313 800 1294.0 701 1283.7
3 494 13353 651 1272.8 931 1280.4
4 551 13304 396 12928 867 1266.5
5 604 13313 915 1278.0 813 1268.8
6 861 13354 318 13072 814  1281.1
7 726  1300.7 995 12794 910 12828
8 670 13317 720 12920 888 12578
9 553 1346.4 527 13152 831 1283.5
10 493 13353 632 12946 793 1278.1
11 471 13237 518 12828 830 1274.3
12 352 13462 434 13093 692 12779
13 769 13283 632 12689 534 1280.7
14 566 12950 837 1274.1 690 12773
15 562 13355 444 1286.8 892 12722
16 925 1349.7 623 1291.6 666 1285.1
17 735 13220 712 12715 976 1267.3
18 586 13073 671 1280.5 868 1273.1
19 458  1337.1 544 13148 814 1273.8
20 685 13053 794 1282.1 696 1285.6
average 1328.8 1289.1 1276.3

Note: The initial population of NSGA-AEV, NSGA- Il , and

MMGA are the same in each run.
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qualities of solutions are exposed by the result
analysis of C(X’,X") and C(X", X’).

true Pareto-optimal set for a real-world problem is

Mostly, the

usually intractable. However, the function C(X', X")
does not require a true Pareto-optimal set, so it is
used to measure the solution quality for a real-world
problem. Table 2 shows the results of performance
measure by C(X', X") approach for NSGA-AEV and
NSGA- I in 20 runs. The results indicate that the
performance of NSGA-AEV  outperforms that of
NSGA- 1 for the MOCPP in most runs. In addition,
Table 3 shows the results of performance measure by
C(X',X") approach for NSGA-AEV and MMGA in
20 runs. The results indicate that the performance
of NSGA-AEV outperforms that of MMGA for the
MOCPP in most runs. In fact, we only derive a
Pareto solution by NSGA-AEV or NSGA- I in each
run, so the values of C(X',X") are 1 or O.
Although, at each run, we may derive multiple
Pareto solutions by MMGA, the Pareto solution
derived by NSGA-AEV can or can not dominate or

Table 2 Results of performance measure by C(X', X”)
approach for NSGA-AEV and NSGA- I

c(x', x") C(X", X"
>Cc(X" X"y >cx,x"

run number  C(X',X") C(X",X")

1 1 1

2 1 0 True

3 1 1

4 1 0 True

5 1 0 True

6 1 0 True

7 1 0 True

8 1 1

9 1 0 True

10 0 1 True
11 0 1 True
12 1 1

13 0 1 True
14 1 1

15 1 0 True

16 0 0

17 1 0 True

18 1 0 True

19 1 0 True
20 1 0 True

total better runs 11 3

Note: X"and X" are the Pareto-optimal sets obtained by the
NSGA-AEV and NSGA- Il with the same initial population,

respectively.

Table 3 Results of performance measure by C(X', X")
approach for NSGA-AEV and MMGA

C(X',X”) C(X”,X/)

run number  C(X', X") C(X",X") SCX"X') > (X', x")

1 0 1 True
2 1 0 True

3 1 0 True

4 1 0 True

5 1 1

6 1 0 True

7 1 0 True

8 0 0

9 1 0 True

10 0 1 True
11 1 0 True

12 1 0 True

13 0 1 True
14 1 0 True

15 1 0 True

16 0 1 True
17 1 0 True

18 1 0 True

19 0 1 True
20 1 0 True

total better runs 13 5

Note: X'and X" are the Pareto-optimal sets obtained by the
NSGA-AEV and MMGA with the same initial population,

respectively.

be dominated by all Pareto solutions by MMGA so
that the values of C(X’, X") are also 1 or 0.

5 Conclusion

The MOCPP has been solved in this paper. For
the MOCPP, we consider some practical constraints
and three objective functions which are the total
number of duties, the total number of deadheads,
and the total number of overnights. We propose two

models and a novel

namely, NSGA-AEV to solve the MOCPP.
Finally, we indicate that NSGA-AEV not only

mathematical algorithm,

explores high quality non-dominated solutions and
improves the convergence by the repairing strategy
and the local optimization strategy, but also
performs better than NSGA- II and MMGA under
performance indices.

The contribution of three aspects is included in
this paper: 1) we propose a novel mathematical
formulation, and an integer programming model that

is based on all feasible pairings enumerated by a
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depth-first search method; 2) we propose a novel

algorithm NSGA-AEV that preserves the diversity of

the population by the distance between the objective

vector corresponding to each solution and an

adaptive evaluation vector; 3) we use a repairing

strategy and a local optimization strategy to explore

high quality non-dominated solutions.
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