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Combining metaheuristics with exact methods improves solution quality by ef-
ficiently exploring promising regions and refining the obtained solutions. This
paper introduces a novel hybrid approach that combines exact methods and
metaheuristics to address the Traveling Tournament Problem (TTP) in sports
scheduling. The T'TP, a critical aspect of sports management, aims to create a
tournament schedule that minimizes the total travel distance of participating
teams, which is essential for controlling league management costs and maximiz-
ing revenue. However, its complex optimization requirements and tournament
structure make it highly challenging to solve efficiently. Our hybrid approach
combines exact methods with the Biogeography-Based Optimization (BBO)
metaheuristic to tackle both the TTP and its variant, the Unconstrained Trav-
eling Tournament Problem (UTTP). We introduce a novel relaxation technique
to enhance the efficiency of the Integer Linear Programming (ILP) formulation
for the TTP. This technique involves fixing the schedule for a subset of teams
and employing an ILP solver to optimize the schedule for the remaining teams.
This relaxation technique is seamlessly integrated into the BBO operators. We
evaluate the effectiveness of our method using publicly available benchmark in-
stances and compare it with existing techniques for both TTP and UTTP. Our
experimental results demonstrate that the proposed approach achieves com-
petitive solution quality. It outperforms prior methods on UTTP for the US
National Baseball League NL16 instances and some prominent methods when

applied to TTP.
(Caper |

1. Introduction

inefficient schedules may impact profitability neg-
atively.  Additionally, minimizing travel dis-
tances allows athletes more time to rest and train
throughout the season.

Sports scheduling has drawn significant interest
from researchers and practitioners across fields
like operational research, scheduling, graph the-
ory, and constraint programming.!® A primary
factor driving this interest is the travelling tour-
nament problem (TTP), which has become piv-
otal in sports scheduling. Well-structured TTP
schedules can boost revenue significantly, whereas
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The TTP is a complex sports scheduling chal-
lenge that involves creating a Double Round-
Robin Tournament (DRRT) schedule for teams
located in different cities with predefined travel
distances. The primary goal of the TTP is to
reduce the total travel distance across all teams,
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while adhering to constraints such as limiting con-
secutive home or away games to a maximum of
three. This problem is classified as NP-hard,
with its complexity established through a reduc-
tion from the 3-satisfiability (3-SAT) problem.”
This reduction underscores that the problem re-
mains strongly NP-hard even when the restriction
on consecutive away games is capped at three.
Additionally, the Unconstrained Traveling Tour-
nament Problem (UTTP), which removes con-
straints on consecutive home or away games, con-
tinues to pose an NP-hard challenge.®

TTP presents both theoretical and practical
challenges. It combines elements of the travel-
ing salesman problem with those of tournament
scheduling, creating significant feasibility diffi-
culties due to its structured format, along with
complex optimization issues related to travel dis-
tances. Given this blend of characteristics, TTP
has proven challenging to solve exactly, even for
smaller-scale instances; currently, no research has
achieved optimal solutions for cases exceeding ten
teams.” 11 A set of complex instances, where re-
searchers have proposed solutions—though the
optimal answer often remains unknown—can be
accessed on the TTP webpage.?'12 Conse-
quently, TTP is an appealing area for exploration
using heuristic and meta-heuristic search tech-
niques.

This study addresses the TTP by intro-
ducing a novel approach that integrates the
Biogeography-Based Optimization (BBO) meta-
heuristic with algorithms grounded in integer
programming.'3-16

1.1. The traveling tournament problem

The TTP requires creating a schedule for a double
round-robin tournament that meets certain con-
straints, while aiming to reduce the total travel
distance for all teams.

The problem is structured as follows: TTP
consists of 2n teams, T = (t1,...,t2,), with each
team ¢; based at a home location h;. Let G(H, E)
represent a complete undirected graph, where the
vertices H = h;?", correspond to team loca-
tions, and F represents the edges between them
A weight function W : E — R™ assigns a value to
each edge, with W (h;, h;) indicating the distance
between the home locations of teams ¢; and ¢;.

e Inputs for the TTP: A set of 2n teams,
T = (t1,t2,...,tan), and a symmetric
2n x 2n distance matrix, Dis.

e Qutput: A tournament schedule span-
ning 2(2n — 1) days, designed to minimize
the total travel distance for all teams,
while meeting the following requirements:
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(1) Double Round Robin Constraint
(DRRT): Each team must play against
every other team twice—once at their own
venue and once at the opponent’s venue.
Teams participate in one match per day,
without any breaks, ensuring a game is
held daily.

(2) No team is permitted to have more than
three consecutive matches at home or
away.

(3) Teams are not permitted to face the same
opponent in consecutive matches.

The Unconstrained Traveling Tournament
Problem (UTTP) is a variation of the TTP
that removes constraints two and three. It
is often relevant for practical scheduling, espe-
cially in low-budget league sports. Let R =
(R1, Rz, ..., Ryan—1)) represent the sequence of
2(2n —1) days, from round R to round Ry(g,_1).-
Table 1 illustrates an example of a TTP schedule
when 2n equals 6.

Table 1. Double Round Robin Tournament (DRRT)
(2n=6)

Ry | (ta,t1) (ts3,t5) (ta,te) || Rr | (tasts) (t3,t1) (t2,te)
R3 | (ts,t1) (t2,ta) (te,t3) || Rs | (t1.t5) (ta,t2) (t3.t6)
Ry | (t1,t2) (ts,t3) (fe,ta) | Ro | (t5,ta) (t1,t3) (t6,t2)
Rs | (ts,t6) (t1,ts) (t2,t3) || Rio | (te,t5) (ta,t1) (t3,12)

The schedule (S) indicates that team t; fol-
lows this sequence of games: it competes against
team tg at home, t9 away, t5 away, to at home, ¢4
at home, tg away, t3 away, t5 at home, t3 at home,
and t4 away. The corresponding circuit for ¢ is
given as: (hl, hQ, h5, hl, hg, h3, hl, h4, hl).

The travel cost or distance value for team t;
(dvt(S,t1)) is:

dvt(S,tl) =
W(h1, hg) + W(hg, h5) + W(h5, hl) + W(hl, hG) +
W (he, hs) + W (hs, h1) + W(hi,ha) + W(hg, h1)

The computed travel cost for the given sched-
ule is:

2n
travel _cost(S) = Zdvt(s, ti) (1)
1=1

The schedule 2, shown in Table 2 is another
presentation of the same DRRT schedule 1 (Ta-
ble 1). In this representation, the symbol '~ in-
dicates that the team is playing away. For ex-
ample, the table 2 specifies that Team ¢; plays
against Team tg at home in Round R;, while it
plays away against Team ¢ in Round Ra.
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Table 2. Another DRRT presentation (2n=6)

Ri Ry R3 Ry Rs R¢ Ry Rg Rg Ry
t1 |6 2 -5 2 4 6 -3 5 3 -4
to|-5 1 4 -1 3 5 6 4 -6 -3
tg | -4 5 6 -5 -2 4 1 6 -1 2
ta |3 6 2 6 -1 -3 5 2 501
ts | 2 301 3 6 2 4 -1 4 6
t¢ | -1 -4 3 4 501 2 -3 2 5
2,11,12

All problem instances can be found in.
There are two types of instances: ones with arti-
ficially generated distances and others with real-
world distances: The real instances are:

e NL,: Represents the US National League
of Professional Baseball Clubs, with n
being an even number of participating
teams.

Supery: Refers to a Rugby League that
includes teams from New Zealand, Aus-
tralia, and South Africa.

NFL,: Denotes the National Football
League and the Brazilian Soccer Cham-
pionship.

The artificial instances are:

e CON,: Refers to instances where all
team-to-team distances are constant and
equal to one (1).

CIRC},: Represents instances with teams
arranged in a circular layout, where adja-
cent nodes have a distance of one (1). The
distance between any two teams ¢ and j
(for i > j) is determined as the minimum
of i — j and j — i + n, representing the
shortest path.

The NL, instance family is the most com-
monly studied, with the majority of TTP research
papers reporting computational results on these
instances.17:18

1.2. Previous work

TTP has been widely examined in the optimiza-
tion field. Several studies®® 1922 have investi-
gated the TTP across different contexts, focusing
on methods like constraint programming , integer
programming, and hybrid techniques.

In,2® the authors, present an integer pro-
gramming model targeting the mTTP and Max-
MinTTP variants, with an emphasis on reduc-
ing the longest distance traveled. While their
methodology was applied to smaller instances in-
volving up to 10 teams, it demonstrated encour-
aging outcomes.

Furthermore, an exact approach for solving
the TTP, utilizing a Branch-and-Price method,
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was developed in.? This method successfully
achieved optimal solutions for instances like NL8
and CIRCG.

For larger instances of the TTP, metaheuris-
tic approaches have shown significant success.
Among these, methods such as the genetic al-
gorithm (GA),2* variable neighborhood search
(VNS),?> and the clustering search (CSA) tech-
nique applied to the mirrored TTP (mTTP)26
have proven effective.?” proposed a hybrid tech-
nique that blends the Greedy Randomized Adap-
tive Search Procedure (GRASP) with Iterated Lo-
cal Search (ILS) to tackle the mTTP. The method
demonstrated superior performance on NL and
CIRC instances compared to previous studies.
Additionally,?? introduced an innovative strat-
egy for the mTTP, combining enhanced harmony
search with variable neighborhood search (V-HS),
showing optimal solutions on NL6, CON4, and
CONS instances when tested on NL benchmarks
(up to 16 teams) and CON benchmarks (up to
20 teams). Furthermore,?® employed ILS to ad-
dress the TTP with Predefined Venues (TTPPV),
achieving improved results for the C'TRCy and
CIRCg instances.

This work?® addresses the TTP by propos-
ing a novel game-permutation encoding and tack-
ling it as a bi-objective problem to minimize both
constraint violations and travel length. Using
NSGA-IT (Non-dominated Sorting Genetic Algo-
rithm II) and a lexicographic Randomized Local
Search (RLS), the study demonstrates that RLS
reliably finds feasible schedules for up to 36 teams
and outperforms NSGA-II and FRLS on larger
problems.

Several approximation algorithms have also
been developed for the TTP. In,? an algorithm
was proposed that achieves an approximation
within a factor of 5.875 of the optimal solu-
tion. For the UTTP,! applied methods such
as the circle technique and the shortest Hamil-
tonian cycle to produce effective results. In
this work®?, the authors proposed an approxi-
mate algorithm for solving TTP-2 with up to
32 teams, achieving a better approximation fac-
tor than the existing best result by.?3 Lately,?!
proposed a unique graph-based heuristic for the
UTTP, which showed promising outcomes for in-
stances with fewer than 10 teams. In,?" an in-
novative evolutionary algorithm was introduced,
integrating a new constructive heuristic to design
double round-robin tournament (DRRT) sched-
ules that minimize travel costs.
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1.3. Contribution and overview

Even in its simplified form, the TTP remains
a highly challenging combinatorial optimization
problem due to its unique formulation, which in-
volves both an optimization objective and integer
constraints. Consequently, solving the TTP de-
mands methods that deliver high computational
efficiency without compromising solution quality.

For larger TTP instances, exact methods en-
counter scalability limitations, often failing when
the problem size reaches 10 teams, as demon-
strated in.% 1! Metaheuristic approaches, 213435
on the other hand, offer greater scalability and
can manage larger TTP instances. In this study,
we introduce an innovative approach that inte-
grates evolutionary BBO metaheuristics with an
integer programming solver to effectively tackle
the TTP, generating high-performance outcomes
within a practical timeframe.

The key contributions of our work:

e First, we devise a new strategy for reduc-
ing the travel cost of any input DRRT
schedules. This strategy is based on Re-
laxing ILP of TTP (RILP-TTP).

Next, we apply the BBO combined with
RILP-TTP to generate new DRRT sched-
ules that reduce travel costs.

Our computational results demonstrate
that our approach ranks among the top-
performing methods for the UTTP. It
achieves notable enhancements over the
previously best-known solutions for the
US National Baseball League (NL16).
This enhanced solution for NL16 has
been verified and published on the Chal-
lenge Traveling Tournament Instances
website. 2

Our approach matches the optimal solu-
tion in seventeen cases and surpasses sev-
eral other notable methods applied to the
TTP.

The organization of the paper is as follows:
In section 2 we provide an overview of BBO and
explains its operational procedure. Section 3 out-
lines the proposed methodology, while Section 4
discusses the computational results. The paper
concludes with Section 5.

2. BBO

BBO is a biogeography-inspired evolutionary
algorithm.?%:37. Biogeography examines the spa-
tial and temporal distribution of species (includ-
ing plant and animal life) across various environ-
ments, seeking to understand how species sustain
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and evolve in different habitats. Mark363% cre-
ated biogeographic mathematical models to study
the movement of species among habitats, the for-
mation of new species, and extinction processes.
A habitat is defined as a distinct living space,
with its quality is quantified using the Habitat
Suitability Index (HSI). Factors affecting habit-
ability, called Suitability Index Variables (SIV),
include rainfall, vegetation diversity, topography,
land size, and temperature.

The essential features of habitats are listed
below:

e Habitats offering optimal conditions for
biological species are characterized by a
high HSI, which typically correlates with
a greater number of resident species. In
contrast, habitats with less favorable con-
ditions exhibit a low HSI.

By enabling species migration, high-HSI
habitats typically adopt characteristics
from low-HSI habitats. Consequently,
these features persist in the high-HSI
habitats and emerge as new traits in the
low-HSI habitats.

Figure 1 presents a linear migration model de-
picting species abundance within a habitat and
demonstrates the link among species count, im-
migration rate, and emigration rate. It can be
observed that as the species count increases (in
favorable habitats), the immigration rate (\) de-
creases, while the emigration rate (p) rises. Con-
versely, when the species count is low (in habitats
with low HSI), the immigration rate (\) increases,
and the emigration rate (u) decreases.

k

I k. immigration
\ .
emigration

o E N

2 i

] 1

~ :

SPo SPmax Num—ber of species

Figure 1. Evolution of (A) and (i) rates with the

number of species

The BBO method,? based on biogeographic
mathematical models, is summarized in its gen-
eral framework in Table 3.

The BBO method initiates with a popula-
tion of solutions, represented as habitats, each
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Table 3. The BBO method framework is inspired by mathematical principles from biogeography

A habitat or Island —

A solution to the optimization
problem is modeled

as a vector

The quality of a habitat is evaluated —

Each solution’s quality

variables describing the habitability

by the HSI is determined by its
objective function value
SIV or the — The variables defending

the vector of the solution

A habitat featuring a greater HSI
and numerous species

%

A solution with favorable fitness

limited number of species

A habitat characterized by a low HSI and —

A solution with poor fitness

or bad performance

A habitat with low immigration—
rate( good habitats)

share their feature with

other poor habitats

The solutions with good fitness,
share their Features

(migration of SIV )

with bad solutions

rate(poor habitats ) are

more likely to accept features
from the other habitats

with height HSI value

The habitats with high immigration —

The solutions with bad fitness
should accept
the Features of

good solutions to

improve their qualities

assigned a fitness value (HSI). Migration gener-
ates a new population, where high-HSI solutions
exchange their suitability index variables (SIVs)
with low-HSI solutions, thereby enhancing their
quality and introducing new characteristics. Im-
migration (A) and emigration (u) rates control the
migration process. Each habitat is assigned im-
migration and emigration rates based on species
count. In each habitat, the immigration rate (\)
decreases as its fitness (HSI) increases, while the
emigration rate rises with the HSI (as depicted in
Figure 1). The emigration rate () and immigra-
tion rate (\) for each habitat are defined®® using
Equations 2 and 3:

Sp
Aep =1 (1 — 2
P ( Spmax) ( )
Sp
=F 3
Hsp X Prns (3)

where:

e )\, represents the immigration rate for a
habitat containing sp species.

® [isp refers to the rate of emigration for a
habitat with sp species

e [ is the highest possible immigration rate

e F indicates the maximum value for the
emigration rate.

e sp refers to the number of species within
the habitat.

e spg is the equilibrium number of species

® SPpa: denotes the upper limit of species
that can be supported in the habitat

BBO is defined as a 2-tuple (7,):
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(1)

T = 0 {Habitat™, HST} is a function that
generates an initial population (a set of
habitats).

= Nou"oQY"oHSI"oM™oHSI" (4)

The function for population transition
starts by calculating the immigration rate
A" and emigration rate p" for every in-
dividual according to equations (3) and
(4). A solution, denoted as Habitat;, is
selected for modification. The immigra-
tion rate A of this habitat dictates if a
Suitability Index Variable (SIV) should be
changed. Once Habitat; is chosen, the
emigration rate y determines which donor
habitat (Habitat;) will pass on its SIV
(Algorithm 1).

Following this, the migration process " is
performed between the immigrating habi-
tat (Habitat;) and the emigrating habi-
tat (Habitat;), where the superior SIVs of
Habitat; replace those of Habitat;. This
is followed by recalculating the Habitat
Suitability Index (HSI).

Finally, mutation (M™) is applied to each
habitat, followed by another recalculation
of the HSI. In BBO, mutation resembles
a sudden environmental shift in a habitat
that could change its HSI.3639 This is rep-
resented in BBO as a mutation operator,
which randomly alters the habitat’s SIVs
according to a mutation rate.??
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Algorithm 1 Migration process:

1: for i=1:number_habitats do

2: Select a habitat Habitat;with probability a;

if H; is selected then

if rand € (0,1) < \; then
Select Habitat; with probability oy
if H; is selected then
Habitat;(SIV) < Habitat;(SIV)

end if

9: end if

10: end if

11: end for

1- P,

Pmut(sp) = am (4) (5)

Where:

e Poui(sp): Mutation rate for a habitat
with sp species.

e «: User-defined parameter.

e P,,: Probability of having sp species in
the habitat.

e Pp.:: Probability of having the maximum
number of species (i.e., max Pg).

e P,,: Probability of the presence of sp
species in the habitat.

( >\0>\1--->\sp—1

O ApAr A )
1 —_
142 Msp( +z .

=1

1< Sp < number_habitats
1

N AoAL A )

1+>
L =1 Pik2--m

sp=20

Algorithm 2 Mutation Algorithm :

1: for j =1 to number_habitats do

2: Use A\; and u; to compute Pmut;

3 Select Habitat;(j) with probability aPmut;
4 if Habitat;(j) is selected then

5: Replace Habitat;(j) with a random SIV
6

T

end if
end for

3. The proposed approach
3.1. Integer programing for TTP

In our proposed approach, we utilize a simple and
directed Integer Programming formulation varia-
tion of the TTP,? employing O(n?) variables. The
binary decision variables of this model are:
zijk(i, 5 =1,...,nk = 1,...,2n — 2): represents
the decision if team i plays away against team j
on round Kk,

Yij(t, 1,7 =1,...,n): denotes that team t travels
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from team i to team j anywhere in the schedule.

n n
Minimize Z dijxij + Z dijYtij

ij=1 tij=1
n (7)
+ Z djiTij2n—2
ij=1
Subject to constraints:
2 =00 =1,..,2n—2) (8)

n

> @ik +xjin) =1(i=1,...,n,k=1,..2n - 2)

j=1
(9)

(10)

2n—2

> ik =100,5 = 1,...,n,i # j)
k=1
3 n
DY wijpa <3(=1,.mk=1,..,2n—2-3)
1=0 j=1 )
3

n
DY @ik <3G =1,...,nk=1,..,2n—2-3)
=0 =1

(12)
Tijk + Tjik + Tijkr1 + Takr1 < 1,
(,j=1,...,n, k=1,...,2n—3) (13)
n
Ziik — ZCEZ]k(l = 1, ...,n,k: = 1, ,2n — 2)
=1
(14)
Zijk = xmk(l,j = 1, ...,n,i 75 ],k = 1, ..,271 — 2)
(15)
Ytij 2 2tik T 2t k+1 — 1,
(tij=1,....n,k=1,...,2n—3) (16)
Tijk, Zijk, Yrij € 10,1},
(tij=1,....n,k=1,....2n—2) (17)

Where:

e d;; represents some distance or weight be-
tween teams ¢ and j.

The goal of the objective function (7) is to reduce
the overall travel distance throughout the tourna-
ment represented by the sum of distances d;;, dj;
and d;; over the variables x;1, ys; and x;j2,—2.
Constraints (8) ensures that a team does not play
against itself during the tournament.

Constraints (9) guarantees that each team i plays
exactly one match in each round k either at home
or away.

Constraints (10) every team i plays away against
every other team j exactly once.

Constraints (11) ensures that a team does not
play more than three successive home matches.
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Constraint (12) ensures that a team does not play
more than three consecutive away matches, anal-
ogous to the home game restriction in Constraint
(11).
Constraint (13) prevents a team from playing
against the same opponent in two successive
rounds. Constraints (14) enforce z; to be equal
to 1 (resp. 0) if team ¢ plays at home (resp. away)
in round k. For any two teams, i and j, constraints
(15) enforce Zijk = Tijk, i.e. team i should be at
the home city of team j if the former plays away
against the latter.
Constraints (16) ensure that team ¢ travels from
the home city of team ¢ to that of team j when
it plays in those cities in two consecutive rounds.
Constraint (17) enforce the integrality conditions.

As mentioned previously, the Integer Linear
TTP Program (ILP-TTP) fails to solve large TTP
instances with 10 or more teams. To overcome
this challenge, we relax the program by fixing the
schedule for a subset of teams, denoted as F',
where 1 < Ft < n in a given solution. Then,
apply ILP TTP solver to optimize the remaining
part of the solution (the schedule of n— F't teams).
This involves applying the ILP solver to optimize
a partial solution (solution with F't teams), and
then optimizing the remaining part of the solu-
tion. To implement this approach, we need to fix
the schedule for F't teams in the given solution; we
achieve this by introducing additional constraints
to the ILP of TTP:

Let t; be a binary decision variable that equal
1 if team ¢ is included in the set of F't whose trips
will be fixed; and 0 otherwise; where i ranges from
1 to n.

Additional constraints: To relax and fix
the scheduling for F't teams based on the input
schedule:

(1) Select F't teams to be fixed:

n
Z t; = Ft
=1

(2) For each team i and j where ¢; and t; are
both set to 1, set the corresponding z;j
variable to 1 to indicate that these teams
will play against each other in all rounds:

for all k (19)

Ensure that all other z;;, variables for
pairs of teams where either ¢; or ¢; is 0
are set to 0 for all rounds:

For all pairs i and j where ¢; and t; is 0;
ensure;

(18)

Tijr = 1

for all k
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By introducing the binary variable t;, we
can control which team trips are fixed based on
the input schedule in our Relaxed ILP for the
TTP (RILP-TTP). This approach will allow us
to maintain the fixed scheduling for the select-
ing F't teams; while keeping the scheduling for
the remaining teams flexible and subject to op-
timization. In Figure 2, we present an exam-
ple with n=6; we fix the schedule of the first
team (Ft = t1), then employ integer program-
ming methods to optimize the schedule for the
remaining five teams(n — F't): to ,t3,t4, t5 and tg.

3.2. A combined BBO and integer
programming for TTP

The following subsections provide the different
components of BBO applied to TTP, along with
the global flowchart of our proposed approach,
TTP_BBO Figure 4.

3.2.1. Individual representation

In our model, each schedule is treated as a habi-
tat. The Habitat Suitability Index (HSI) is de-
fined as the total travel distance of the schedule
(travel_cost, see 1). Every habitat is character-
ized by a Suitability Index Variable (SIV), which
in this context corresponds to a set of F't teams
within the schedule.

3.2.2. Neighborhood structures utilized

We utilized three types of neighborhood struc-
tures:

e Swap Round (S,R;, R;):This operation
exchanges all matches between the spec-
ified rounds (R;, R;) within the schedule
S.

Swap Home (S, t;,t;): This move reverses
the home/away roles of teams. Specifi-
cally, if team ¢; is scheduled to play at
home against team ¢; in round Ry and
play away in round R;, applying Swap
Home (S,t;,t;) results in team t; play-
ing away in Ry and at home in R;, while
leaving the remainder of schedule S un-
changed.

Swap Team (S,t;,t;): This operation
swaps all opponents of a specified pair of
teams (t;,t;) across every round.

3.2.3. The initial population, calculating HSI,
A and p:

The expression distance_hamming(Neigh(S),.S)
refers to the Hamming distance that measures the
difference between the schedule S and its neigh-
boring schedule Neigh(S). This metric measures
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Ry R, R; Ry Rs R¢ R; Ry R9 Ry
| ty 6 2 6 3 -5 -4 -3 5] 2 a4 |
t, 5 i -5 6 4 3 6 -4 1 =3 '
t3 4 5 4 1 6 2N -6 S 2
L 3 6 3 5 2 1 5 2 6 A Ta.k.ethesc_heduleoftland.
utilize the integer programming
by = & 2 4 14 & = 3 © methods to optimize the
te -1 4 1 2 =3 5 2 3 4 -5 schedule for the remaining
& teams.
The input Schedule S; : travel-cost (S;) = 27746 l
Ry R, R; Ry Rs R¢ R; Rg R9 Ry
t; 6 -2 6 3 =5 S =9 2 4
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T

The Output Schedule S, : travel-cost (S,) = 25733

Figure 2. Example of using Relaxed ILP for the TTP( RILP-TTP)

the difference between the two schedules by count-
ing the positions where the corresponding team
assignments vary. KEssentially, it quantifies how
many team placements differ between the neigh-
boring schedules.

The population consists of a collection of
schedules, or habitats, generated through a
combination of intensification and diversification
strategies (see Algorithm 3). Initially, a feasible
schedule (S) is formed using the polygon-based
method,*?, followed by population generation as
outlined in Algorithm 3. In this process, we pri-
oritize selecting the best neighbor with the mini-
mum travel cost to enhance intensification, while
ensuring a suitable Hamming distance to promote
diversification.

Algorithm 3 Creation of the initial population

Require: S.
Ensure: Initial population (Pop)
1: Pop <+ S
2: repeat
3:  Form all neighboring schedules for S Neigh(S) by
performing swap team, swap home and swap rounds
moves

4:  //Form all neighboring schedules for S Neigh(S) by
performing swap team, swap home and swap rounds
moves

5: S;,est vS" € Neigh(S), (travel,cost(S;est) —
distance_hamming(S..;, S)) < (travel_cost(S') —
distance_hamming(S’, 5))

6: Incorporates the solution S;,est into the population
Pop

T S 4 Spew

8: until Population is filled

The process starts by determining the species
count for every habitat and then arranging the
habitats in the population from the lowest to the
highest based on their Habitat Suitability Index
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(HSI) values. The species count is computed as
follows:

sp (S;) = Integer Part [dif trcost (S;) * In(i) * i

(21)
dif_trcost (S;) represents the difference between
the travel cost of the worst team (S7) and that of
the team (5;).

dif_trcost (S;) = travel_cost (S1)—travel_cost (S;)
(22)
In our model, good solutions are distinguished
by a high species count, while habitats with a
low HSI, representing bad solutions, tend to have
fewer species.
The immigration rate (A) and emigration rate
(1) are determined using the equations below:

SPi
i=111-— — (23)
ST
Spi
i = E X — (24)
ST sy

Here, I denotes the highest immigration rate,
FE signifies the maximum emigration rate, while
sp; denotes the number of species in the i*" habi-
tat, and Pop-size is the total number of habitats
in the population. In this model, I and E have a
value of 1.

3.2.4. The migration process

The migration process facilitates the exchange of
features between solutions. In our model, the
Suitability Index Variable (SIV) corresponds to
Ft: the schedule of a specific subset of teams. SIV
attributes from favorable habitats replace those of
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less favorable habitats based on a probability of
change, which is determined by the immigration
rate A (as shown in equation 23) and the emigra-
tion rate p (as shown in equation 24). Figure 3
illustrates the migration process, with Habitat2
serving as the immigrating habitat and Habitatl
as the emigrating habitat:

(1) Migrate Sivgapitaziof Habitat 1 to the
Habitat 2; here the Sivggpitar1 r€presents
the schedule of team ¢;.

(2) We create an incomplete schedule with
only the schedule of the first team.
We then solve our Relaxed ILP (RILP-
TTP)(explained in Section 3.1) where
Ft= ty to create and optimize the sched-
ule for the remaining five teams ts ,t3,t4
and t5. GameNonFt=represents all the
games of Habitat2 excluding those of Ft;
here, all the games of the first team are
highlighted in red, as shown in Figure 3.

(3) In the obtained schedule, we retain the
home/away patterns and the location of
GameNonFt in Habitat2, where feasible.

3.2.5. The mutation process

In each iteration of the mutation process, the
Variable Neighborhood Search (VNS)#! is em-
ployed as a local search heuristic to reduce the
travel cost of the schedule. VNS systematically
changes neighborhoods within a local search, in-
volving operations such as swapping teams, swap-
ping home assignments, and swapping rounds.

4. Experimental results
4.1. Parameters tuning

In our Relaxed Integer Linear Programming
(RILP-TTP) approach (Section 3.1), the variable
Ft (where 1 < Ft < n) denotes the number of
teams selected from the input solution. Through
numerical experiments depicted in Figures 5 and
6, we evaluated the impact of F't on N Lyy, N L1s,
NLy4, and NLg instances across various input
schedules. The outcomes of these experiments
illustrate that reducing the number of selected
teams from the input schedule (F't) results in an
enhancement in the resultant travel cost (average
outcomes). This observation aligns with intuition
since opting for fewer teams allows the ILP solver
to concentrate on optimizing the remaining por-
tion of the schedule (i.e., the schedule for the re-
maining n — F't teams). However, it is important
to acknowledge that this optimization is accom-
panied by increased CPU time. For instance, in
N Ly, the best F't value is 3, which equals n/2—2.
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Deviating below this value leads to a runtime ex-
ceeding 5 hours (Figures 7 and 8). Similar consid-
erations apply to N Ly4 and N Lyg, where the best
F't values are approximately 7 and 8, respectively,
which corresponds to about half of the total teams

(n/2).

4.2. Numerical results

The effectiveness of the proposed method is as-
sessed using multiple benchmark datasets for the
TTP . The implementation was carried out using
Java, with experiments performed on a system
equipped with an Intel(R) Core(TM) i5-10210U
processor (1.60 GHz) and 8 GB of RAM.

The performance of the proposed TT P_BBO
approach was assessed using NL, and CON,
instances® 2 (refer to Section 1.1). This section
provides experimental results to analyze the effi-
ciency of our approach. Our approach was tested
on various NL and CON instances (outlined in
Section 1.1) to assess its performance on TTP
and UTTP. Tables 4 and 5 present a summary
of the results. The Best_k column lists the best-
known results for each benchmark,?1? while the
TTP_BBO column reports the maximum, av-
erage and the minimum values obtained by the
proposed method within a 5-hour computation
time. The Gaprrp_BBO/Best,) column indicates
the difference between the best-known results and
the best solution obtained by our approach.

travel_costtrp sgo — Besty,

Ga % =
P(TTP_BBO/Besty) /0 travel_costTTP BBO

% 100 (25)
N Bins
AG = Z Gap(rrp_BBO/Best—k); /N Bins
=1
(26)

Table 4 illustrates the performance of our pro-
posed approach, TT P_BBO, in tackling NL and
CON instances on TTP. Remarkably, TT P_BBO
achieves optimal solutions for NL4 and N Lg,
as evidenced by Table 4. Furthermore, our
method demonstrates exceptional performance by
securing optimal solutions for CON14, CONyy,
COng, CONG, CONg, CON4 and CONlG as
shown in Table 4. For the other instances, the
gap varies from zero to 4.94. We compute the
Average Gap (AG) using the formula 26, where
Gap(rrp_BBO/Best,) TePresents the disparity be-
tween our approach results, for instance, ¢ and
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Ry | (t5t)  (t3t2) (tets)
Ry | (t3t)  (tet2) (t1:ts5)
R3 | (tets) (tptg) (t35t2)

Ry | (tat) (tootg) (t2t5)

Ry | (tute)  (tst2) (tyst3)
Ry | (taste) (t35t5) (t2,t1)
R3 | (t3t) (t2ots) (t15t5)
Ry | (tot2) (t1t3)  (tsty)
Rs | (tste) (tast)  (tast) I SVitabtagihe schedule of Es 23’:6) (tats) (t2ot1)
Re | (o) (t2ts) (tarte) i 6 5te)  (tat)  (torts)
Ry | (tota) (ts55t3) (t1512)

Rg | (t6,t3) (tat2) (tst1)
Ry | (tate) (t35t1) (tasts)
Ryg | (tets) (t1te)  (t2t3)

Habitat 1 Habitat 2

Ry | (tat3) (t2,te) (tst)
Rg | (tpst3)  (tast) (tsst2)
Ry | (tet3) (t5tg) (t1st2)

Ryg | (tsst3)  (t25ts) (tety)

i Keep the home/away patterns and the position
of the GamesNON-F; in Habitat2
Migration of SIVy,pitat1 from Habitat 1 to Habitat2 ——— if possible.

Ry | (tute)

R; (t25t1)
R;3 (t1,t5)
Ry (t1,t3)

Rs (ta,t1)

Rg | (tet1)

Ry (t15t2)
Rg (ts5t1)
Ry (t3,t1)

Ry (t15t4)

Applying the Relaxed ILP solver to optimize
and generate the schedule
for the remaining teams (tz,t3,t4 and ts),
completing the solution

Y
Ry | (tst2)  (tasts) (tpte)

Ry | (t2t1)  (tast3) (tots)
R3 | (tt3) (tete) (t15t5)
Ry | (tst2) (t1,13)  (tsste)
Rs | (tst1) (tet2) (t5t3)
Rg | (tot1) (t35ta) (tats)
Ry | (tpt2)  (t35t3) (taste)
Rg | (t51)  (tet3) (t25tg)
Ry | (t3,t1) (tstg) (t2st6)

Ryp | (tsst2) (t15ts)  (tsste)

A

Figure 3. The migration process

the best-known solution. Here, N Bins represents proximity to the best-known results, with devia-

the total number of instances per benchmark. AG  tions of 1.25% for NL and 0.24% for CON bench-

relative to the best known results is AG(NL) = marks.

1.25% for NL benchmark and AG(CON) = 0.24% Table 5 displays the numerical outcomes of

for CON benchmark, demonstrating the method’s  gur method for various NL and CON on UTTP
273



M. Khelifa et. al. / IJOCTA, Vol.15, No.2, pp.264-280 (2025)

Creation of an initial population of pop-size habitats(schedule) using
Algorithm 3

l

Y

Evaluate the HSI (travel-cost) of each Habitat (schedule)

¥

Calculate : sp, A andp rates of each schedule based on HSI

using formula 21,23 and 24

Migration

fé&

rand(0,1) < A;

Select Habitat; with probability p;

v

Algorithm 1 and Section 3.2.4

Performing the migration operation: Migration(Habitat;, Habitatj, SivHabitat;)

No

>

>_i<Pop-size
Ye

i

Re-compute the HSI (travel-cost) and species count (sp) of each
schedule (Habitatlusing formula 21

Update the probability of (A and u) for each schedule (Habitat)

using formula 21,23 and 24

Mutation

i=0

<
<

rand(0,1)<P,,t(Habitat;)

Performing mutation operation: VNS(Habitat;)

A i
> i<Pop-size
V

Select Pop-size habitats with a high HSI value to form a new population

No

Is termination criteria reached

Save the best solutions (schedules)

Figure 4. The flowchart of our proposed approach TTP_BBO
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Figure 7. Influence of F't on the runtime

benchmarks. As indicated, our method outper-
forms the current best solutions reported in'?
for NLig. Moreover our approach successfully
achieves the best-known results for NL4, N Lg,
NLg, NLl(), and NL12.

The results demonstrate that our new ap-

proach successfully attains the optimal solution
for instances CONoy, CONyy, CONg, CONg,

CON6, CONy4, CONjz, CONz, and CONy.
Additionally, the Average Gap (AG) for CON
instances is AG(CON) = 0.38%, demonstrating
that our results are highly aligned with the opti-
mal solutions, showing only a 0.38% deviation.

To evaluate the performance of our approach
in solving the Traveling Tournament Problem
(TTP),we carried out a detailed comparison
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Table 4. Numerical results for the NL and CON instances (TTP)

Instances TTP_BBO Best_k GapTTP-BBO/Best_K
Best Avr Worst

NL, 82769Pt 8276 8276 8276 0%
NLg 23916 24406 26436 23916 0%
NLg 39721 43494 43672 39721 0%
NLi 59583 60424 65168 59436 0.24 %
NLis 111248 121981 126781 110729 0.46%
NLiy, 207075 225169 260445 188728 3.12%
NLg 275296 291394 339882 261687 4.94%
CON, | 17¢pt 17 17 17 0%
CONg | 430rt 43 43 43 0 %
CONg | 809rt 80 81 80 0 %
CONjy | 12497t 127 130 124 0 %
CONpy | 18197t 187 193 181 0 %
CONyy | 25297t 255 257 252 0 %
CONyg | 32797t 336 342 327 0.60%
CONys | 416 428 482 414 0.71 %
CONy | 521 526 558 520 0.19%
CONyy | 627 632 664 626 0.15%
CONyy | 757 778 874 749 1.05%

Table 5. Numerical results for the NL and CON instances (UTTP)

Instances TTP_BBO Best_k GapTTP,BBO/Best,K
Best Avr Worst

CON, | 179¢t 17 17 17 0%
CONg | 389t 38 38 38 0 %
CONg | 670rt 67 67 67 0 %
CONyp | 10497t 110 121 104 0 %
CONyy | 14997t 156 204 149 0 %
CONy, | 20297t 208 248 202 0 %
CONys | 26397t 266 342 263 0 %
CON5 | 33297t 338 376 332 0 %
CONyy | 410 446 502 409 0.24%
CONys | 505 520 604 494 2.17%
CONsy | 598 620 776 587 1.83%
NL, 82760Pf 8276 8276 8276 0%
NLg 19900 21344 22166 19900 0%
NLg 30700 31400 32118 39721 0%

N Ly 45412 46004 48562 44762 1.43 %
NIy 79623 80485 90234 79312  0.39%
NLyy 125734 126954 128038 125416 0.25%

NLg

153930

154898 166134 154566

-0.41%
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Table 6. A comparative study for NL
NLg NLg N Ly NLqo NLyy NLg
TTP_BBO 23916 39721 59583 111248 207075 275296
AIS 42 _ 39721 61351 120531 206434 298246
GapTTprBO/AIS 42 — 0% -2.96% -8.34% 030% —8.33%
GA-Ch 23916 39721 59583 112684 204052 293013
Gaprrp_spojcn.ca > 0% 0% 0% -1.29% 1.48 % -6.43%
CLSM °© 23916 40621 61193 120655 206274 308413
GapTTP,BBO/CLSJW 6 O% -2.26% '2.70% '8.45% 038% -12.02%
CTSA 3 24467 41754 63277 116421 215665 288674
GapTTp,BBO/CTSA 43 -2-30% -5.11% -6.19% -4.64% -4.14% 4.84%
AATTP 3° _ 47128 69958 125086 230874 300744
GapTTpiBBo/AATTp 30 - '18.64% -17.45% -12.43% -11.49% -9.24%
VNS 2° 23916 43112 61293 120906 207343 293645
GapTTRBBO/VNS 25 O% —8-53% —283% -8-68% —0-12% -6-66%
GA 23916 41505 _ _ _ _
Gaprrp_ppojca ' 0% -4.34% - - _ _
ANT-HYP 4 23916 40361 65168 123752 225169 321037
GapTTprBO/ANT,Hyp 44 0% —1.61% -9.73% '11.23% -8.37% '16.61%
PSO-SA*® 23916 39721 62032 120036 _ _
Gaprrr_ppo/aHnA * 0% 0% -4.11% -7.87% _ _

against several established approaches within the
NL instances. Specifically, we compared our ap-
proach against the following well-known meth-
ods : GA — Ch ?° (A novel method combining
graph matching and evolutionary techniques for
TTP), AISrrp*® (an immune-inspired method
developed within the CLONALG framework),
CLSMS (A cooperative local search); CTSA*(a
hybrid integer programming/constraint program-
ming approach and a branch and price algorithm);
PSO — SA* (A metaheuristic approach integrat-
ing swarm optimization (PSO) with simulated an-
nealing (SA)); GA** (A genetic algorithm featur-
ing a novel encoding scheme for solution repre-
sentation); AATT P3°(A 5.875-approximation Al-
gorithm for TTP); VN S?® neighbourhood search
combined; ANT — HY P* (A hyper-heuristic ap-
proach inspired by ant algorithms).

The comparison presented in Table 6 high-
lights the effectiveness of our approach relative to
other methods. Our method shows an improve-
ment over AISprp?? and GA — Ch,?° with an
average gap (AG) of -3.86% and -1.56%, respec-
tively (calculated using the gap operator defined
in formula 25, where Gaprrp,po/ars indicates
the difference between our method and AISTrp
for each instance). Additionally, our approach
outperforms CLSM® with an average gap of -
5.01%.

Our TT PpBO approach achieves a lower av-
erage AATT P by -13.85%, further improving over
G A and our previous method VNS, with reduc-
tions of -2.17% and -5.36%, respectively. More-
over, our method surpasses CT'SA, ANT—HY P,
and PSO — SA, yielding average improvements
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of -4.35%, -7.92%, and -3.99%, respectively. No-  Methodology: Meriem Khelifa

tably, our approach identifies optimal solutions  Writing — original draft: Meriem Khelifa

for smaller instances and maintains a general de-  Writing — review & editing: Meriem Khelifa,
viation of -1.25% from the best-known solutions. =~ Harous Saad

Our approach achieves better results by integrat-

ing ILP within BBO, combining efficient explo- Availability of data

ration with optimal refinement. By migrating the
schedules of certain teams from the best solution

All the data is included in the paper.

and optimizing the remainder with ILP, we effec- References

tively guide the search toward high-quality solu-
tions.

5. Conclusion

This study addresses the TTP, a challenging NP-

hard problem in the domain of sports scheduling. 2.

The goal of the TTP aims to construct DRRT
schedule that reduces the total travel distance for
all participating teams.

This study proposes a new hybrid approach
that combines exact methods with the BBO meta- 3
heuristic to tackle both the TTP and its variant,
the UTTP. First,We propose a novel strategy that
relaxes the ILP formulation of TTP (RILP-TTP)
to reduce travel costs in DRRT schedules. We
then integrate BBO with RILP-TTP to efficiently 4
solve instances of both TTP and UTTP.

The results of our experiments demonstrate
that the proposed method offers strong perfor-

mance achieving the best-known solutions for sev- 5.

enteen instances and setting new best-known so-
lutions for the sixteen instances of the National
Leagues US. This performance exceeds that of

several prominent methods when applied to the 6.

TTP.

In our future work, we plan to investigate
the incorporation of deep learning techniques into
metaheuristic methods to tackle further chal-
lenges in sports scheduling problems.
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